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Abstract. Transformative healthcare technologies such as robotic surgery and AI-enabled diagnostics can

generate substantial clinical value, but they often reach patients before reimbursement systems have adapted

to their costs. We study payment design for a technology whose value depends jointly on upstream quality

investment and downstream clinical use. In the model, a developer chooses technology quality and a per-use

price; a provider chooses which patients to treat and how much unobservable effort to supply; and a payer

designs reimbursement. Because patients differ in case complexity, payment affects both the breadth of

adoption and the developer’s incentive to invest in quality. We show that fee-for-service and its zero-payment

benchmark (no reimbursement) create coupled distortions in utilization and quality: each can be too low or

too high relative to the first-best, and overuse can arise even without reimbursement. We then compare two

value-based designs. Benefit-based payment is contingent on the benefit from the technology, which is greatest

for complex cases; it can raise quality but tilts adoption toward complex cases and trades breadth against

quality. Quality-based payment is contingent on the technology’s quality, which the developer sets for all

treated patients; it strengthens the incentive to invest without skewing treatment toward the most complex

cases, and it can implement the second-best in most cases. When the per-patient surplus from provider effort

is nonnegative, the optimal quality-based contract strictly dominates the optimal benefit-based contract. The

results suggest that when benefit rises with case complexity, payers should reward quality rather than benefit.
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1. Introduction

Transformative health technologies are innovations that deliver step-change improvements in outcomes,

safety, efficiency, or access relative to prevailing standards of care. Because they are novel and

expensive, they often launch without dedicated reimbursement, creating misaligned incentives for

adoption (National Institutes of Health 2024). Consider the da Vinci robotic surgical system, which

enables minimally invasive procedures to be performed with greater precision and control, reducing

length of stay, complication rates, and postoperative rehabilitation needs compared with conventional

treatment (Labban et al. 2022; Wu et al. 2021). Realizing these benefits, however, requires a significant

investment, including about $1.5 million in upfront capital (Feldstein et al. 2019) and ongoing costs
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for staff training, preventive maintenance, and product upgrades. These investments are necessary to

ensure uptime and maintain high performance standards (Feldstein et al. 2019).

In the U.S., expenses related to new technologies generally fall on healthcare providers. Payers,

including both the Centers for Medicare and Medicaid Services (CMS) and private insurers, do not

offer higher reimbursement for robotic procedures. Hospital payments follow Diagnosis-Related Groups

(DRGs), whereas physician payments rely on Current Procedural Terminology (CPT) codes; neither

accounts explicitly for robotic assistance. Attempts to classify robotic procedures as more complex

for additional reimbursement are generally denied, and although certain private insurers recognize a

dedicated add-on code for robotic assistance (Healthcare Common Procedure Coding System code

S2900), reporting it does not normally lead to increased payments. Consequently, hospitals usually

absorb these extra costs (Barbash and Glied 2010; Intuitive Surgical Operations 2023b; MedPAC

2003).

To lower adoption barriers, Intuitive introduced a pay-per-use model, whereby hospitals pay the

developer per robotic procedure, with total payments capped at the outright purchase price in the

case of high utilization (Intuitive Surgical Operations 2023a). This arrangement shifts part of the

financial risk from hospitals to the developer: if utilization is low, the developer recovers little revenue.

In principle, such exposure would encourage investment in workflow integration, thorough training,

and system reliability to promote provider uptake. In practice, however, pay-per-use contracts only

partially mitigate adoption frictions. Because reimbursement does not typically increase when robotic

assistance is used, hospitals remain reluctant to use these technologies, particularly for less complex

cases in which benefits are less pronounced. Consequently, developers face limited demand at prevailing

reimbursement levels, which dampens incentives to invest in quality. This interaction creates a feedback

loop of underinvestment and limited uptake.

Recent policy shifts across health systems reflect growing recognition of this structural gap. In 2023,

Ontario’s public system began reimbursing three robotic-assisted procedures (St. Joseph’s Healthcare

Hamilton 2023); the United Kingdom increased reimbursement rates for certain robotic surgeries

(BeaconOne 2024); Japan’s national insurance extended limited coverage to robotic procedures

(Matsumoto et al. 2023); and several Chinese provinces launched pilot reimbursement programs

for domestically produced surgical robots (State Council 2024). In the United States, the Medicare

Payment Advisory Commission (MedPAC) has long considered alternative payment schemes for

emerging technologies (MedPAC 2003). Motivated by these developments, this paper examines

transformative innovations that involve high upfront costs yet remain largely unreimbursed under

prevailing provider payment models.

Designing payment for these technologies is difficult for two reasons. First, realized effectiveness

depends on both developer quality decisions (integrating the technology into workflows, training
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clinicians, maintaining systems, and providing updates) and provider effort and adoption decisions, so

payment must motivate two parties at once. Second, the benefit is heterogeneous: a technology that

transforms a complex case may add little to a routine one, so a scheme calibrated to one population

can misfire for another. Fee-for-service with a generous fee may invite overuse, whereas value-based

reimbursement promises to balance access against cost-effectiveness but leaves “value” hard to define

and attribute (Lopez et al. 2020). How payment shapes the provider’s behavior and the developer’s

incentive to invest in quality remains poorly understood.

We study a payer’s problem of designing reimbursement when payment shapes both downstream

adoption and effort and upstream innovation. In the model, a developer chooses technology quality

through costly effort and sets a per-use price; a provider chooses a treatment cutoff and exerts clinical

effort; and a payer sets the reimbursement rule. The analysis therefore links two features that are

usually treated separately: whether providers use the technology, and how much quality developers

build into it.

We analyze four reimbursement regimes: no reimbursement, fee-for-service (FFS), benefit-based

payment, which adds a bonus proportional to benefit, and quality-based payment, which adds a

bonus proportional to technology quality. We use two benchmarks. The first-best is the allocation a

planner would choose with direct control over utilization, quality, and effort; we measure distortions

in utilization and quality against it. For welfare, however, the relevant benchmark is the second-best.

Because provider effort is noncontractible, every reimbursement scheme induces the provider’s privately

optimal effort, which falls below the first-best level whenever the provider internalizes patient benefit

only partially. In general, no payment contract attains first-best welfare. The second-best is the

allocation that maximizes social welfare subject to the provider’s equilibrium effort choice.

We obtain three main results. First, fee-for-service and no reimbursement distort both utilization

and innovation. Under either regime, the provider adopts the technology only for sufficiently complex

patients. Relative to the first best, however, utilization may be either too low or too high, and the

same is true of quality. The common source of these distortions is that reimbursement is solely driven

by volume. It shifts the provider’s payoff from treatment uniformly across patients and therefore

changes the extent of adoption without changing the relative attractiveness of treating more complex

cases. Anticipating the resulting demand, the developer adjusts both price and quality. Utilization and

quality are therefore jointly determined, and neither distortion has a uniform direction. A generous

fee can induce treatment of patients whom the planner would leave untreated, whereas a more modest

fee may lead the provider to ration access more tightly than the planner. Overuse can arise even

without reimbursement when the provider internalizes enough of the benefit to use the technology

on patients whom the planner would not treat. Quality can likewise be either too high or too low.

A sufficiently generous fee may sustain positive quality even when the planner would not adopt the
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technology, whereas quality may remain below the first-best level when adoption is socially desirable.

Furthermore, raising the fee can reduce quality. As reimbursement expands demand independently of

quality, the developer has less need to invest in quality to induce uptake.

Second, benefit-based payment creates a tension between coverage and quality. The bonus is largest

for complex patients and vanishes for the least complex patient. The developer prefers to either take

advantage of guaranteed full utilization, dropping the quality to zero to reduce its costs, or raise

quality to generate a higher price and improve revenue, which leads to partial coverage. Benefit-based

payment can therefore sustain quality by concentrating use among complex patients, or achieve full

coverage at zero quality, but not both.

Third, quality-based payment separates the incentives for quality and coverage. Because the bonus

depends on technology quality rather than benefit, it rewards the developer’s investment without

making complex cases relatively more attractive to the provider. The bonus can therefore be set to

induce the second-best quality, while the base fee governs uptake. When the per-patient surplus from

provider effort is nonnegative, the second-best calls for full utilization, and an appropriate combination

of bonus and base fee implements that allocation exactly. The optimal quality-based contract then

strictly outperforms the optimal benefit-based contract. The ranking reverses only in a narrow region

where the provider places little weight on patient benefit and the effort surplus is negative.

The two value-based schemes differ in the quantity they reward. A benefit-based bonus pays for

benefit outcomes, which are correlated with patient complexity. It therefore steers adoption toward

the most complex cases and creates a tradeoff between breadth and quality. A quality-based bonus

pays for a developer-controlled input that is common to all treated patients. It induces quality without

changing the provider’s relative incentive to treat different cases. Thus, the better instrument is

not the more granular one: across most of the parameter range, paying for patient-neutral quality

dominates paying for patient-specific benefit, even though benefit is the payer’s ultimate objective.

Beyond the welfare comparison, quality-based payment is also easier to implement. It relies on

verifiable features controlled by the developer, rather than on technology benefit, which the payer

would have to measure and attribute case by case. Moreover, in most parameter regions, the optimal

quality-based contract delivers higher welfare than the optimal benefit-based contract, and at our

calibration it also requires less reimbursement expenditure (see Appendix OA4). For transformative

technologies, quality-based reimbursement is therefore the preferred instrument in most settings, with

benefit-based payment favored only in the narrow region identified above.

The same reimbursement problem is likely to arise for other high-cost medical technologies, including

AI-enabled diagnostics, whose value depends on both product quality and provider behavior. As

payers, including CMS and national health systems abroad, experiment with reimbursement for such

technologies (Zink et al. 2024), our analysis points to a design principle: reward technology quality
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rather than benefit when benefit is confounded with patient complexity. In such settings, the coarser

measure can be the better instrument.

2. Literature

Our study contributes to several streams of literature at the intersection of healthcare operations

management and the economics of new health technologies.

First, we contribute to the literature on healthcare provider payment models. A rich body of work

in healthcare operations management has examined how various reimbursement schemes influence

provider behavior and healthcare outcomes (e.g., Adida et al. 2017; Andritsos and Tang 2018; Betcheva

et al. 2021; Dai and Tayur 2020; Guo et al. 2019; Keskinocak and Savva 2020; Vlachy et al. 2023).

Prior studies have investigated prospective payment systems, bundled payments, pay-for-performance

and outcomes-based reimbursement, reference pricing, and other innovative payment mechanisms

(Adida 2021; Adida and Bravo 2019; Adida and Dai 2024; Andritsos and Tang 2018; Dada and White

1999; Dai et al. 2017; Nassiri et al. 2022; Savva et al. 2019; Xu et al. 2022; Zhang et al. 2016). We are

among the first to examine provider payment design in the specific context of new medical technologies

in which upstream and downstream decisions are intertwined, and the upstream developer’s actions

affect patients and the provider.

Second, our work relates to the literature on incentive alignment in health technology innovation.

Misaligned incentives between technology developers (upstream firms) and healthcare providers

(downstream adopters) are widely recognized to hinder the diffusion of valuable innovations. For

example, Chick et al. (2008), Taylor and Xiao (2014), Zhang et al. (2020), and Xu et al. (2022)

examine settings in which an upstream innovator or manufacturer and a downstream provider have

misaligned objectives and explore mechanisms to improve efficiency. Outside healthcare, the broader

operations management literature shows that incentive misalignment and financing frictions can

suppress downstream uptake of products and services (e.g., Berman et al. 2019; Escamilla et al. 2021;

Lu and Tomlin 2022; Villa et al. 2024). We depart from this line of work by considering a triadic

interaction involving a third-party payer. In our model, the upstream decisions (the technology’s quality

and price) shape the downstream decision, namely the provider’s effort and technology adoption.

Adoption and effort yield benefits to patients; yet the provider may incur additional costs that are

not reimbursed. This creates an incentive misalignment, and we focus on a reimbursement contract

set by a third-party payer.

Recent policy research has begun to explore how novel payment schemes can incentivize innovation:

for instance, Lopez et al. (2020) propose a value-based payment framework for expensive medical

technologies, and Yapar et al. (2025) study how regulators might use conditional approvals and value-

based pricing for new health technologies to balance access with uncertainty. Our paper complements
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these papers by analyzing formally how a payer can design provider-facing payments, rather than

prices for manufacturers, to drive both high-quality innovation and appropriate utilization.

Third, we contribute to the literature on the diffusion and adoption of healthcare technologies.

Empirical studies have investigated factors influencing the adoption of innovations such as robotic

surgery. Horn et al. (2022), for example, analyze the diffusion of robotic surgical systems across

hospitals and the resulting market allocation effects, whereas Sundaresan et al. (2023) examine how

hospitals respond to competitors’ adoption of robotic technology. These works highlight economic

and competitive forces in technology diffusion. We analyze how reimbursement incentives can shape

the adoption trajectory and performance of new technologies.

Finally, our paper is conceptually related to the operations management literature on new technology

adoption and supplier-buyer coordination outside the healthcare context. Prior studies have examined

how a technology supplier’s quality or price decisions interact with a buyer’s adoption decisions and

the resulting market dynamics (e.g., Cho and McCardle 2009; Cohen et al. 2016; Kundu and Ramdas

2022; Uppari et al. 2019; Zhang and Lee 2022). We extend this line of inquiry by incorporating both

a third-party payer that reimburses the buyer (provider) for utilization and the technology supplier’s

quality and price decisions that drive uptake.

3. Model

In this section, we present our model setup and notation. The model captures the interaction among

a payer, an upstream technology developer, and a downstream healthcare provider (e.g., a hospital or

clinical practice) serving patients.

The model unfolds in three stages. In Stage 0, the payer commits to a reimbursement scheme for

providers. In Stage 1, the upstream developer chooses the technology’s quality and sets a per-use

price. In Stage 2, the downstream provider decides which patients to treat with the technology and

how much unobservable effort to exert. Following backward induction, we present the provider’s and

developer’s decisions before turning to the payer’s incentive design problem.

All players are risk-neutral and the contracts (the payer’s reimbursement scheme and the developer’s

price-quality pair) are observable commitments made before the provider’s utilization decision.

3.1. Developer Decision (Stage 1)

The developer chooses the technology’s quality and price. Formally, it selects quality q ≥ 0 and sets

a per-use price p≥ 0 charged to the provider for each treated patient. Per-use pricing is a natural

arrangement for high-cost medical technologies: it limits the provider’s upfront commitment and links

the developer’s revenue to actual utilization. (Appendix OA5 shows what happens when the developer

can instead extract surplus through a two-part tariff.)
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The quality decision q captures developer-controlled inputs that improve the technology’s per-

formance when used in care. These inputs may include maintenance, software upgrades, workflow

integration, institution-level configuration, uptime, and training. We assume q is observable and

contractible because it is tied to documentable inputs such as certified training, software version,

service levels, and integration deliverables. The developer incurs cost cq2, where c > 0, reflecting

increasing marginal costs of quality provision. Treating quality as costly to supply at an increasing

marginal rate is standard in the health-economics literature on provider payment (Chalkley and

Malcomson 1998; Ellis and McGuire 1986).

The developer chooses (q, p) to maximize expected profit, anticipating the provider’s subsequent

utilization and effort decisions. If no choice yields strictly positive profit, the developer does not enter.

When the developer is indifferent between choices that induce partial and full utilization, we assume

it selects partial utilization. This tie-breaking rule selects equilibria with positive quality whenever

they coexist with full-utilization equilibria featuring zero quality, and can be interpreted as reflecting

reputational or product-line considerations.

3.2. Provider Decision (Stage 2)

The provider treats a continuum of patients, normalized to mass one, who differ in case complexity.

Let x ∈ [0,1] denote patient complexity. We read x as an index of the technology’s incremental

advantage over standard care rather than of illness severity as such: a higher x marks a case in which

the technology’s distinctive capabilities, such as enhanced visualization, finer instrument control,

or decision support, are worth more. A characteristic that makes the technology less appropriate

corresponds to a lower x, or places the case outside the indication we model. We normalize x= 0 to

be the marginal indicated case and assume that x is uniformly distributed on [0,1] for tractability.

Treating a patient with the technology entails an incremental provider cost k > 0. This cost captures

recurring operational inputs, such as consumables, disposable instruments, sterilization, setup time,

data entry, and other per-use resources, net of any upfront access cost that is sunk by Stage 2. We

take k to be independent of x. Allowing k to vary with patient complexity would preserve the cutoff

structure under natural monotonicity conditions, but would change the closed-form constants and

reduce tractability.

Given the technology quality q, the developer’s per-use price p, and the reimbursement rule, the

provider chooses which patients to treat with the technology. Although the feasible choice can be

represented as a subset of [0,1], the payoff structure below implies an equilibrium cutoff rule: we will

show a threshold xc ∈ [0,1] exists such that the technology is used for all patients with x≥ xc and

not used otherwise. We denote the treated fraction by

u≜ 1 −xc,
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and refer to u as utilization.

The provider also chooses effort e≥ 0 for patients treated with the technology. Effort represents

within-encounter clinical attention, coordination, and other organizational inputs that help the

technology perform effectively in care. Unlike developer quality, provider effort is not observable to the

payer or developer and cannot be contracted on directly. This distinction between contractible quality

and non-contractible effort follows the standard principal-agent distinction between verifiable and

nonverifiable actions (Holmström 1979; Holmström and Milgrom 1991). It also fits provider payment

settings, in which structural quality can often be specified and certified, whereas clinical effort is

observed only noisily (Eggleston 2005).

Provider effort improves patient utility by θe and entails cost

ψ(e) =
κ

2
e2, (1)

where κ, θ > 0.1 The quadratic cost captures increasing marginal effort costs. The linear benefit

specification isolates the provider’s effort incentive in the simplest form that yields an interior effort

choice with convex costs.

The provider weighs financial return against benefit from the technology. Let B1(x, q) denote the

incremental patient benefit from treating a patient of complexity x with the technology when quality

is q, relative to care without the technology. In robotic surgery, such benefits may include shorter

recovery time, reduced blood loss, smaller incisions, shorter length of stay, reduced rehabilitation needs,

and fewer complications (Labban et al. 2022; Wu et al. 2021). Let B2(x, q) denote the provider’s direct

operational benefit, such as lower resource use from shorter hospital stays or fewer complications.

In addition to its direct payoff, the provider internalizes a fraction of patient welfare. We capture

this motive by assigning weight δ1 ∈ [0,1] to patient benefit and effort-generated patient utility in

the provider’s objective. This formulation is consistent with the physician agency literature, which

models providers as balancing financial incentives against patient outcomes (Chalkley and Malcomson

1998; Choné and Ma 2011; Ellis and McGuire 1986), and with related work in health economics and

healthcare operations (Adida and Dai 2024; Bester and Dahm 2018; Guo et al. 2019; Jelovac 2001).

The case δ1 = 0 corresponds to a purely self-interested provider. We focus on δ1 ≤ 1, so the provider

places no more weight on patient welfare than on its own payoff. In this region, equilibrium effort is

weakly below the first-best level (the case δ1 > 1 is algebraically covered by the same analysis but

reverses the effort-deviation interpretation).

1 Because both the marginal effectiveness of effort, θ, and the convex cost coefficient, κ, are independent of patient
complexity x, allowing type-specific effort e(x) would yield the same pointwise optimizer for every treated patient. We
therefore suppress the dependence on x without loss of generality.
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Thus, absent any reimbursement from the payer, the provider’s incremental utility from treating a

patient of complexity x with the technology is

B2(x, q) + δ1B1(x, q) + δ1θe− p− κ

2
e2 − k.

The provider maximizes this utility and, when indifferent, uses the technology.

3.3. Benefits to Patients and the Provider

We specify patient and provider benefits as

B1(x, q) = b1qx, B2(x, q) = b2qx,

where b1, b2 > 0. The parameters b1 and b2 scale the incremental value of the technology to the patient

and the provider, respectively. Because B1 and B2 are incremental to standard care, monotonicity

in x is due to the technology’s comparative advantage: a more complex patient gains more from

the technology. The economic rationale is that conventional care becomes more constrained as the

case grows more complex, so the technology adds little in a routine case and more when anatomy or

access is difficult (Garisto et al. 2018). This is a modeling choice motivated by the technologies and

indications we study. For example, a robotic surgical system may generate large incremental value in

a complex procedure, such as a delicate cancer resection, while offering little incremental benefit in a

routine procedure that conventional approaches can handle nearly as well.

Quality q is a technology-level choice made by the developer before the provider selects patients.

The same quality therefore applies to every treated patient, but its clinical value varies with case

complexity. Because

∂Bi

∂q
= bix and

∂2Bi

∂x∂q
= bi > 0,

quality and complexity are complements: a common improvement in technology quality generates

greater benefit in more complex cases.2

This specification implies that Bi(x, q) = 0, for i= 1,2, whenever q = 0 or x= 0. Thus, a zero-quality

technology creates no quality-driven benefit, and the minimally eligible case generates no incremental

quality-driven benefit from the technology.

Define

b≜ b1 + b2, δ≜
δ1b1 + b2

b1 + b2

, and ρ≜
δb

b1

.

2 The linear specification is used for tractability. In practice, the benefits of medical technologies may be nonlinear, for
example because marginal gains from quality improvements eventually diminish. The mechanisms we study do not
rely on linearity per se, but on the monotonicity and curvature properties that preserve the tradeoff between quality,
utilization, and patient complexity.
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Here b is the total quality-benefit scale, whereas δ is the provider’s effective internalization of total

quality-driven benefit. When δ1 = 1, the provider values patient benefit and its own benefit equally, and

hence δ = 1. The parameter ρ normalizes the provider’s effective benefit scale by the patient-benefit

scale. We refer to it as the provider’s internalization of quality-driven benefit, relative to the first-best.

Let

B(x, q)≜B1(x, q) +B2(x, q) = bqx

denote the total quality-driven benefit from using the technology. Then, before any reimbursement

from the payer, the provider’s incremental utility from treating a patient of complexity x with the

technology can be written as

δB(x, q) + δ1θe− p− κ

2
e2 − k.

Note that B(x, q) aggregates only the benefits generated by technology quality. The effort-generated

patient benefit, θe, is distinct. Throughout the paper, when we refer to “total benefit,” we mean the

total quality-driven benefit bqx, not the sum of quality- and effort-driven benefits.

For later use, define

k̃(δ1)≜ k− δ2
1θ

2

2κ
,

A(f, δ1)≜ f − k̃(δ1),

D(f, δ1, δ)≜
8c

(δb)2
A(f, δ1),

χ(D)≜− 2√
3

cos

(

1

3
arccos

(

−3
√

3

2
D

)

+
π

3

)

.

On the relevant domain, χ(D) gives the root y of y− y3 =D used in the equilibrium characterizations

in the remainder of the paper. When no ambiguity is possible, we use the shorthand A=A(f, δ1) and

k̃= k̃(δ1).

3.4. Payer Decision (Stage 0)

At Stage 0, the payer commits to a reimbursement rule for the provider’s use of the technology. The

rule affects both downstream behavior and upstream incentives: it changes the provider’s utilization

decision in Stage 2 and, through anticipated utilization, the developer’s quality and pricing decisions

in Stage 1. The payer therefore faces a payment-design problem in which reimbursement shapes both

adoption and innovation.

We will consider several payment schemes; to evaluate their performance, we first present benchmarks

that correspond to the decisions of a welfare-maximizing planner. We next present the first-best and

second-best benchmarks.
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4. Benchmarks

We use two welfare benchmarks. Start with the first-best, in which a planner chooses utilization,

quality, and provider effort to maximize total surplus. Because provider effort is unobservable, however,

it cannot be contracted upon and no reimbursement scheme can generally implement first-best effort

unless δ1 = 1. The relevant benchmark for evaluating reimbursement schemes is therefore the second-

best, in which the planner chooses utilization and quality taking the provider’s incentive-compatible

effort as given.

4.1. First-Best

The first-best benchmark is the allocation a planner would choose with direct control over provider

effort, technology quality, and patient selection. We measure welfare as patient quality-benefit and

effort utility net of real resource costs: quality investment, per-patient implementation cost, and

provider effort cost. Prices and reimbursements are transfers and therefore do not enter the planner’s

objective. (We treat the provider-side benefit B2(x, q) as a private payoff term that affects provider

incentives but is not counted as social surplus.)

The planner can always choose not to use the technology, yielding welfare zero. When indifferent,

the planner uses the technology (similarly to the provider’s tie-breaking rule).

Conditional on use, the planner maximizes

W = − cq2 +

∫ x2

x1

(

B1(x, q) + θe− κ

2
e2 − k

)

dx

= − cq2 + b1q · x
2
2 −x2

1

2
+

(

θe− κ

2
e2 − k

)

(x2 −x1), (2)

where [x1, x2] ⊆ [0,1] is the set of patient types treated with the technology. Because B1(x, q) = b1qx

is increasing in patient complexity, we next show that the planner’s optimal treatment set has a cutoff

form: the technology is used for patients whose complexity exceeds a threshold.

Define the dimensionless surplus parameter

DFB ≜
4c

b2
1

(

−k+
θ2

2κ

)

= −4c

b2
1

k̃(1) =
1

2
D

(

0,1,
b1

b

)

.

Proposition 1. In the first-best benchmark, effort is eFB = θ/κ. A cutoff xFB
c exists such that the

planner treats all patients with x≥ xFB
c , where

(i) if DFB > 0, then xFB
c = 0, so all patients are treated, and qFB = b1/(4c);

(ii) if −8/27 ≤DFB ≤ 0, then xFB
c ∈ [0,1/3] solves x3 − x=DFB and is given by xFB

c = χ(−DFB),

and qFB =
b1(1−(xFB

c
)2)

4c
;

(iii) if DFB <−8/27, then xFB
c = 1, so no patient is treated and qFB = 0.
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Proposition 1 characterizes the planner’s solution. Effort equates marginal effort benefit and

marginal effort cost. Quality increases with the aggregate complexity of the treated population, and

the treatment cutoff is governed by the dimensionless parameter DFB.

This benchmark is generally not implementable through reimbursement alone. Because effort is

unobservable, the payer cannot condition payment directly on e. As shown below, the provider’s effort

choice is determined by its private incentive and equals e∗ = δ1θ/κ, independent of the reimbursement

scheme. Hence first-best effort, eFB = θ/κ, is attainable only when δ1 = 1. The feasible welfare

benchmark for payment design is therefore the second-best, obtained by solving the planner’s problem

at e= e∗. We use this second-best benchmark in the welfare comparisons in Sections 6.1 and 6.2.

4.2. Second-Best

The second-best induces provider effort at its incentive-compatible level, e∗ = δ1θ
κ

. Substituting this

effort into the term multiplying (x2 −x1) in (2) gives

E ≜ θe∗ − κ

2
(e∗)2 − k=

δ1(2 − δ1)θ2

2κ
− k.

Thus, E is the net per-patient effort surplus after accounting for the implementation cost k.

In the treated-fraction notation u= 1 −xc ∈ [0,1], the effort-constrained welfare is

W = −cq2 + b1q · u(2 −u)

2
+E u. (3)

The next lemma gives the resulting second-best decisions.

Lemma 1. In the second-best benchmark, a cutoff xSB
c exists such that the planner treats all patients

with x≥ xSB
c , where

(i) if E ≥ 0, then xSB
c = 0, so all patients are treated, and qSB = b1/(4c);

(ii) if −2b2
1/(27c)≤E < 0, then xSB

c ∈ (0,1/3] is given by xSB
c = χ(−4cE/b2

1), and qSB =
b1(1−(xSB

c
)2)

4c
;

(iii) if E<− 2b2
1/(27c), then xSB

c = 1, so no patient is treated and qSB = 0.

It follows from simple substitution that the second-best welfare is

W SB,∗(E) =



































E+
b2

1

16c
, E ≥ 0,

b2
1

16c
u2

E(2 −uE)(3uE − 2), − 2b2
1

27c
≤E < 0,

0, E<− 2b2
1

27c
.

Here uE ≜ 1 −xSB
c is the second-best treated fraction.

The sign of E separates two regimes. A treated patient of complexity x contributes b1qx+E to

welfare: the quality-driven benefit, which rises with complexity, plus the effort surplus, common to all
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treated patients. When E ≥ 0, this contribution is nonnegative for every patient, so the second best

treats everyone. When E < 0, the least complex patients contribute negative value at any quality, and

the second best treats only patients complex enough that quality-driven benefit covers the shortfall.

The sign of E thus decides whether rationing has social value: the comparisons below separate schemes

by how well they expand coverage when E ≥ 0 and by how well they ration when E < 0.

Moreover, because

E =
δ1(2 − δ1)θ2

2κ
− k≤ θ2

2κ
− k,

then 4cE/b2
1 ≤DFB and so the second-best treats weakly fewer patients than the first-best whenever

both solutions are interior.

5. Fee-for-Service and the No-Reimbursement Case

We first consider fee-for-service and its zero-payment benchmark, no reimbursement. Under no

reimbursement, the provider receives no incremental payment for using the technology, as is often the

case for new technologies such as robotic surgery. Under fee-for-service (FFS), the provider receives a

fixed payment per use. Because no reimbursement is the special case of fee-for-service with f = 0, we

first characterize the fee-for-service equilibrium and then specialize the result to no reimbursement.

5.1. Fee-for-Service Reimbursement

Fee-for-service is a natural benchmark because it is simple, widely used, and commonly considered

when payers decide whether to compensate providers for adopting new technologies (MedPAC 2003).

In our setting, fee-for-service pays the provider a fixed amount f for each patient treated with the

technology. This payment can be interpreted as a per-case technology supplement, an additional

CPT-based payment, or an increase in the DRG payment associated with the technology’s use.

5.1.1. Equilibrium. The developer chooses quality and price to maximize expected profit:

max
p,q≥0

− cq2 + p(x2 −x1),

where the treated set [x1, x2] is determined by the provider’s subsequent decision and therefore

depends on (p, q).

Given (p, q), the provider chooses effort and the set of patients treated with the technology:

max
e,x1,x2

(

f + δ1θe− p− κ

2
e2 − k

)

(x2 −x1) +

∫ x2

x1

δbqxdx

=

(

f + δ1θe− p− κ

2
e2 − k

)

(x2 −x1) + δbq
x2

2 −x2
1

2
.

The fee affects the provider’s decision to use the technology by lowering the net per-use burden of the

technology. A higher fee induces use for a broader set of patient types; a lower fee restricts use to

sufficiently complex patients, for whom the quality-driven benefit is large enough to justify the cost.

Let A≜A(f, δ1). We proceed by backward induction, starting with the provider’s decisions.
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Lemma 2. Under fee-for-service, in the second stage, the provider exerts effort e∗ = δ1θ/κ. More-

over, given the price p≥ 0 and quality q ≥ 0 selected by the developer,

(i) if A≥ p, the provider uses the technology on all patients;

(ii) if p− δbq ≤A< p, the provider uses the technology on patients with complexity x∈
[

p−A
δbq

,1
]

;

(iii) otherwise, the provider does not use the technology.

The lemma has two implications. First, the reimbursement f affects utilization but not effort: every

fee-for-service contract induces e∗ = δ1θ
κ

. Second, reimbursement reaches the developer only indirectly,

through anticipated utilization: it shifts the provider’s adoption threshold, which in turn changes the

market size the developer faces when choosing quality and price.

That second channel shapes the developer’s first-stage decision, characterized in Proposition 2. Let

D≜D(f, δ1, δ), which increases in f .

Proposition 2. Under fee-for-service, in the first stage,

(i) If D> 8/27, the developer sets q = 0 and p=A. In this regime, the provider uses the technology

on all patients.

(ii) If −8/27<D≤ 8/27, let y = χ(D). Then y has the same sign as D and satisfies −1/3< y ≤ 1/3.

Let xFFS
c = (1 − y)/2. The developer sets

q =
δb(1 − y2)

8c
, p=

δ2b2(1 − y2)(1 + y)

16c
,

equivalently q =A/(yδb) and p=A(1 + y)/(2y) when y ̸= 0. In this regime, the provider uses the

technology on patients with complexity x≥ xFFS
c .

(iii) If D≤ −8/27, the developer does not participate.

The equilibrium has three regimes. When reimbursement is high, the developer secures full utilization

at zero quality. In contrast, at both the first-best and the second-best outcomes, full utilization comes

with positive quality. When reimbursement is intermediate, the developer supplies positive quality

to make the technology attractive for sufficiently complex cases. When reimbursement is too low,

the developer exits. Fee-for-service can thus expand use without necessarily improving quality: by

enlarging the provider’s adoption region, it reduces the developer’s need to invest in quality.

Denote k̃ = k̃(δ1). The following corollary describes the comparative statics within the partial-

utilization regime.

Corollary 1. Suppose k̃+ (δb)2/(27c)> 0.3 For fees in the interval

f ∈
[

max

{

0, k̃− (δb)2

27c

}

, k̃+
(δb)2

27c

]

,

the equilibrium involves partial utilization. As the fee increases within this interval:

3 If k̃ + (δb)2/(27c) ≤ 0, then D > 8/27 for every f ≥ 0, so the developer induces full utilization regardless of the fee. If
f < k̃ − (δb)2/(27c), then D < −8/27, and the developer does not participate.
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(i) if k̃ > 0, quality first increases and then decreases, attaining its maximum at f = k̃; if k̃ ≤ 0,

quality decreases throughout;

(ii) the developer’s price increases;

(iii) utilization increases.

Corollary 1 shows why the standard reimbursement intuition is incomplete. Higher reimbursement

expands utilization, but its effect on quality is nonmonotone. When quality is decreasing in the fee

(above f = k̃ if k̃ > 0, and throughout the partial-utilization range if k̃ ≤ 0), a higher fee expands

access but lowers quality. Fee-for-service can therefore generate an access-quality tradeoff even though

it pays only on utilization.

Empirically, reimbursement expansions can have large utilization effects: after Japan expanded

coverage for certain robotic gastrointestinal surgeries in 2018, monthly robotic GI procedure volume

doubled (Nishigori et al. 2022). Policy discussions often emphasize the risk that broader coverage

may induce overuse (Zink et al. 2024). Our model identifies an additional effect. When quality is

endogenous, generous reimbursement can weaken the developer’s incentive to invest in it, because

demand becomes less sensitive to quality once reimbursement itself supports widespread adoption.

5.1.2. Optimal Fee. The payer chooses f to maximize social welfare evaluated at the equilibrium

induced by the fee-for-service contract. The optimal fee must balance out the benefit of higher

utilization with the costs and possible drop in quality:

max
f

W = −cq2 + b1q · x
2
2 −x2

1

2
+

(

θe− κ

2
e2 − k

)

(x2 −x1)

= −cq2 + b1q · 1 − (xFFS
c )2

2
+

(

δ1θ
2

κ
− δ2

1θ
2

2κ
− k

)

(1 −xFFS
c ),

where (xFFS
c , q) are determined by Proposition 2.

If D > 8/27, fee-for-service induces full utilization and zero quality. Welfare is then given by

δ1θ2

κ
− δ2

1
θ2

2κ
− k, which is constant over the full-utilization range.

If −8/27<D≤ 8/27, the equilibrium can be parameterized by y = χ(D), giving

W (y) = − 1

64c
δ2b2(1 − y2)2 +

δbb1

8c
(1 − y2) · 3 + 2y− y2

8
+

(

δ1θ
2

κ
− δ2

1θ
2

2κ
− k

)

1 + y

2

=(1 + y)
δbb1

64c

[

(1 − y)
(

3 − ρ+ 2y+ (ρ− 1)y2
)

+
32c

δbb1

(

δ1θ
2

κ
− δ2

1θ
2

2κ
− k

)]

.

Because y is monotone in D, which is linear in f , optimizing over y ∈ (−1/3,1/3] is equivalent to

optimizing over the fee in the partial-utilization range. The closed-form optimizer is cumbersome and

not economically revealing, so we illustrate it numerically under the calibration below.

The numerical examples use a calibration to transoral robotic surgery (TORS) for early-stage,

intermediate-risk HPV-positive oropharyngeal squamous-cell carcinoma, an application in which
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surgery enables de-escalation of adjuvant (chemo)radiation. Table 1 reports base values, ranges, and

sources; see Appendix OA3 for details. We normalize b1 = 1 (equivalently $50,000), so parameters,

welfare values, and figure axes are expressed in units of patient benefit unless dollar values are stated

explicitly. Clinical and cost data inform the calibration of b1, b2, c, and k. The altruism weight δ1 and

effort parameters are not directly identified. Because effort enters welfare through Θ≜ θ2/(2κ), we

normalize eFB = θ/κ= 1, set base values for δ1 and Θ, and vary them in sensitivity analyses. In the

base case, ρ= δ1 + b2/b1 = 0.65, and the effort surplus E = δ1(2 − δ1)Θ − k is positive.

Table 1 TORS calibration.

Normalized
Primitive Symbol Base Range (b1=1)

Patient benefit b1 $50,000 $25,000–100,000 1.00
Provider operational benefit b2 $7,500 $4,000–10,000 0.15
Quality-cost coefficient c $15,000 $5,000–25,000 0.30
Per-use implementation cost k $2,000 $1,500–3,000 0.04
Altruism weight δ1 0.5 [0.05, 1] 0.50
Effort-surplus capacity Θ $12,000 $5,000–25,000 0.24

Notes. Monetary primitives are per treated case; the last column expresses each in units of b1 (b1 = 1 ≡ $50,000).

Regarding the effort cost and benefit coefficients, only the composite Θ ≜ θ2/(2κ) is identified; we additionally

normalize eFB = θ/κ = 1. Sources: b1, the value of a 0.67 quality-adjusted-life-year (QALY) gain at standard

willingness-to-pay (Rodin et al. 2017), with the surgery-enabled de-escalation of adjuvant therapy documented

in Ferris et al. (2022); Holsinger et al. (2025); b2, the avoided downstream treatment costs when de-escalation

reduces adjuvant chemo/radiation (Sher et al. 2021; Waddle et al. 2021); c, robot capital, service, and

credentialing (Albergotti et al. 2017; Canadian Agency for Drugs and Technologies in Health 2011); k, per-case

disposables not separately reimbursed (UnitedHealthcare 2025); Θ, effort-attributable clinical improvement,

set as a scenario parameter and varied over the stated range. See Appendix OA3 for details.

The optimal fee is interior throughout the participation region in the calibration. As implementation

cost rises, the payer initially raises the fee to preserve use. Once implementation cost becomes too high,

participation is no longer worthwhile and the optimal fee falls to zero. Even when optimized, fee-for-

service generally does not reproduce the first-best: the first-best treats all patients when k < θ2/(2κ)

and treats at least two-thirds of patients whenever it participates, whereas the fee-for-service outcome

need not do either.

5.2. Special Case: No Reimbursement

We now consider the case of no reimbursement, that is, f = 0. Without reimbursement to offset

the implementation cost k, the provider requires a larger benefit net of price before using the

technology. The developer therefore faces a stricter participation condition, and equilibrium use, when it

occurs, is concentrated among sufficiently complex cases. Let DN ≜D(0, δ1, δ). The no-reimbursement

equilibrium follows from Proposition 2 by replacing D with DN.
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Figure 1 Optimal fee-for-service payment under the calibration in Table 1 (ρ = 0.65). Panel (a) plots social welfare

against the fee for three implementation costs k. Panel (b) shows the optimal fee as k varies.

5.3. Comparisons

We first compare fee-for-service (with f > 0) with no reimbursement in the partial-utilization range.

Proposition 3. Suppose −8/27<DN <D< 8/27, where D=D(f, δ1, δ) and DN =D(0, δ1, δ)<

D. Fee-for-service and no reimbursement induce the same effort. Moreover, fee-for-service induces a

higher price and greater utilization than no reimbursement. Finally, fee-for-service induces higher

quality than no reimbursement if and only if k̃ > 0 and f < 2k̃.

The proposition isolates the effect of a positive f . Fee-for-service incentivizes the provider to expand

use and allows the developer to recoup some of the reimbursement by charging a higher price, but its

effect on quality is ambiguous. When the fee is high, the developer can rely on a broader market and

has less need to provide quality; equilibrium quality can then fall below the no-reimbursement level.

Both regimes also fall short of the first-best. Effort is eFB = θ
κ

in the first-best, whereas fee-for-service

and no reimbursement both induce e∗ = δ1θ
κ

≤ eFB. The effort gap reflects the provider’s incomplete

internalization of patient benefit and is unaffected by the fee. Moreover, neither scheme generally

aligns utilization or quality with the first-best. This misalignment is not just a problem of choosing

the right fee. The fee shifts the level of the provider’s payoff, but it does not align the marginal

value of treatment across patient types or directly control the developer’s quality incentive. Hence,

both quality and utilization can be distorted in either direction. Corollary 2 compares the first-best

utilization with the fee-for-service utilization, focusing on the case D>−8/27 so that the developer

participates. The result is illustrated in Figure 2.

Corollary 2. (i) Suppose D >−8/27. If DFB≥0 and D > 8/27, both fee-for-service and the

first-best lead to full utilization. Else, if DFB ≥ −8/27 and D ≤ 8/27, fee-for-service leads to
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technology underuse (except that utilization coincides with the first-best when DFB = −8/27 and

D= 8/27). Otherwise, fee-for-service leads to technology overuse.

(ii) Suppose ρ <
√

2. Then there is no overuse under no reimbursement.
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no FFS participation underuse same as first-best (full) overuse

Figure 2 Fee-for-service utilization relative to the first-best as the fee f and implementation cost k vary, in units

of b1, with (b1, δ1, θ, κ, c) = (1, 1, 0.48, 0.48, 0.3).

Thus fee-for-service can lead to either underuse or overuse. A low fee may restrict adoption to

too few patients. A high fee can induce the provider to use the technology even when the first-best

would restrict use or not use the technology at all. Overuse can also arise with no reimbursement:

when ρ >
√

2, the provider may internalize enough quality-driven benefit to treat the most complex

patients without any reimbursement, even though the first-best treats no one.

We now compare quality.

Corollary 3. Suppose ρ≤ 16/9. If DFB ≥ −8/27, then qFFS < qFB; otherwise, qFFS ≥ qFB = 0.

Figure 3 illustrates the comparison. When the first-best uses the technology, fee-for-service quality

is lower under the condition in Corollary 3. When the first-best exits, however, a generous enough fee

can sustain positive equilibrium quality, which then exceeds the first-best level of zero.

However, when ρ > 16/9, either quality ordering can arise even when both fee-for-service and the

first-best involve partial utilization. Figure OA1 illustrates this possibility: holding the fee fixed and

increasing the implementation cost can make first-best quality fall below fee-for-service quality, so

fee-for-service moves from underinvestment to overinvestment in quality. The mechanism is linked with

utilization. At low implementation costs, both the first-best and fee-for-service outcomes approach

full utilization. The first best combines broad use with positive quality, whereas fee-for-service reaches
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Figure 3 Equilibrium quality versus per-treated-patient implementation cost k, at the parameter values in Table 1.

full utilization only at zero quality. As implementation costs rise, first-best quality falls whereas

fee-for-service quality rises, eventually reversing the ranking. Fee-for-service may therefore induce

either underinvestment or overinvestment in quality relative to the first best.

Because no reimbursement is fee-for-service with f = 0, Corollary 3 also applies to the no-

reimbursement case. The comparison with the first-best therefore cannot be reduced to the level of

the fee. The distortion is structural: the fee changes adoption incentives without sufficiently aligning

marginal treatment decisions and developer quality investment. These limits motivate the value-based

payment designs studied next.

6. Value-Based Provider Payment: Benefit Versus Quality

The preceding section shows that fee-for-service and its zero-payment benchmark share a structural

limitation: they shift the level of the provider’s payoff but do not align utilization and quality with the

benchmark. We now study value-based reimbursement schemes that condition payment on a measure

of value rather than on use alone.

A key issue in designing value-based payment is that “value” can be measured in different ways. In

the setting we study, value may be jointly produced by an upstream developer and a downstream

provider. A payer can reward the benefit that is generated (output), or it can reward the quality of

the technology itself (input). These two approaches have different incentive effects. A benefit-based

payment ties reimbursement to benefit, which is larger for more complex cases. A quality-based

payment ties reimbursement to a developer-controlled input that is common across treated patients.

The distinction matters because the former changes the slope of the provider’s payoff in patient

complexity, whereas the latter rewards quality without tilting adoption toward complex cases.

We analyze both schemes. Throughout this section, we assume b2 ≤ (2 − δ1)b1, or equivalently ρ≤ 2.

This condition ensures that the optimal benefit-based bonus characterized below is nonnegative.
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6.1. Benefit-Based Payment

We first consider a reimbursement scheme that pays the provider f +βB(x, q) for each treated patient,

where f is a base payment, β ≥ 0 is the benefit-bonus rate, and B(x, q) = bqx is the total quality-driven

benefit defined in Section 3. This scheme rewards benefit from using the technology. It is therefore

appealing in principle, but it also links reimbursement to patient complexity.

6.1.1. Equilibrium. Given the developer’s quality q and price p, the provider solves

max
e,x1,x2

(

f + δ1θe− p− κ

2
e2 − k

)

(x2 −x1) +

∫ x2

x1

βbqxdx+

∫ x2

x1

δbqxdx

=

(

f + δ1θe− p− κ

2
e2 − k

)

(x2 −x1) + (β+ δ)bq
x2

2 −x2
1

2
.

Thus, as compared to fee-for-service, benefit-based reimbursement affects the provider’s decision

to use the technology by raising the effective benefit slope from δb to (δ + β)b. The equilibrium

characterization in Lemma 2 and Proposition 2 therefore applies after replacing δ by δ+β. The effort

decision is unchanged: the provider still chooses e∗ = δ1θ
κ

. Let DBB ≜D(f, δ1, δ + β). Equivalently,

relative to the fee-for-service contract with the same base fee f , DBB =D δ2

(δ+β)2 , so the benefit bonus

scales the parameter D toward zero.

The following lemma compares benefit-based payment with fee-for-service at the same base fee,

isolating the effect of the benefit-based incentive.

Lemma 3. Comparing the equilibrium at fee-for-service with fee f with that of the benefit-based

payment with the same fee f and benefit incentive β ≥ 0, we have the following:

(i) If A≥ 0, then xB
c ≥ xFFS

c ; pB ≥ pFFS; qB ≥ qFFS.

(ii) If A < 0, then provided that the developer participates (i.e., D > −8/27), we have xB
c ≤

xFFS
c ; pB ≥ pFFS; qB ≥ qFFS.

The benefit bonus drives quality and price, but its effect on utilization depends on the base fee. Because

the bonus moves D toward zero, it moves utilization toward one-half. When A> 0, fee-for-service

already treats more than half of the patient population, and the bonus lowers utilization as the

provider concentrates adoption on the most complex cases. When A< 0, fee-for-service treats fewer

than half of patients, and the bonus raises utilization. In either case, the bonus rewards complexity: it

strengthens adoption incentives most for patients with the largest measured benefit.

6.1.2. Optimal Benefit-Based Payment Scheme. We next consider a payer choosing (f,β) to

maximize social welfare. The payer has two instruments: a base payment that shifts the level of the

provider’s payoff and a benefit bonus that changes its slope in patient complexity.

Proposition 4. At the optimally designed benefit-based payment, we have
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(i) if E > 4b2
1/(27c), then u∗

BB = 1 and q∗
BB = 0 (no bonus is needed: β∗

BB = 0, and any f∗
BB >

(δb)2/(27c) + k̃ induces this outcome);

(ii) if −2b2
1/(27c) ≤E ≤ 4b2

1/(27c), then

u∗
BB =

2

3
, q∗

BB =
2b1

9c
, β∗

BB =
2b1

b
− δ, f∗

BB =
4b2

1

27c
+ k̃;

(iii) if E <−2b2
1/(27c) then u∗

BB = 0 and q∗
BB = 0.

Substituting yields the social welfare at the optimally designed benefit-based payment:

W ∗
BB(E) =



































E, E >
4b2

1

27c
(full utilization),

4b2
1

81c
+

2E

3
, − 2b2

1

27c
≤E ≤ 4b2

1

27c
(partial utilization),

0, E <− 2b2
1

27c
(no treatment).

The proposition reveals a limitation of the benefit-based payment model. The best positive-quality

benefit-based contract treats at most two-thirds of the patient population, and cannot expand

beyond that ceiling while maintaining positive quality. Once the contract induces full utilization,

the developer’s quality choice collapses to zero. Thus, even when optimally designed, benefit-based

payment trades off breadth and quality: it rewards patient-specific benefit, but because that benefit is

increasing in complexity, it concentrates use among the most complex cases.

6.2. Quality-Based Payment

We next consider a reimbursement scheme that pays the provider f + γq for each treated patient,

where γ ≥ 0 is a quality-bonus rate. Unlike the benefit incentive, the quality incentive γq does not vary

with patient complexity. It rewards a developer-controlled feature of the technology that is common

to all treated patients.

6.2.1. Equilibrium. Given the developer’s choices (q, p), the provider solves

max
e,x1,x2

(

f + γq+ δ1θe− p− κ

2
e2 − k

)

(x2 −x1) +

∫ x2

x1

δbqxdx

=

(

f + γq+ δ1θe− p− κ

2
e2 − k

)

(x2 −x1) + δbq
x2

2 −x2
1

2
.

The quality bonus raises the provider’s payoff uniformly across treated patients. It therefore supports

technology use without directly increasing the relative reward from treating more complex cases. At

the same time, because the provider’s willingness to pay for the technology increases with q, the

bonus changes the developer’s quality incentive.

The next proposition characterizes the equilibrium. Let r= γ
δb

and DQB ≜
D(f,δ1,δ)

(1+r)3 , and define

G(y)≜ (1 + r)3(1 − y2)[(1 + r)(1 + y)(1 + 3y) − 8y] − 16r2.
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Here r expresses the quality bonus relative to the benefit slope the provider already internalizes,

DQB rescales the fee parameter D by that bonus, and the root of G marks where the developer

switches from serving part of the population to serving every patient. Formally, for 0< r < 2 −
√

3,

let y∗ ∈ (1/3,1/
√

3] denote the unique root of G on that interval and set ȳ≜ y∗; for r≥ 2 −
√

3, set

ȳ≜ (1−r)/(1+r). Define D̄QB ≜ ȳ− ȳ 3. (When γ = 0, quality-based payment reduces to fee-for-service,

and Proposition 2 applies.)

Proposition 5. Under quality-based payment, the provider exerts effort level e∗ = δ1θ/κ. Moreover,

(i) if −8/27 < DQB ≤ D̄QB and r < 2, the provider treats patients with complexity above xc =
(

1 − r − y(1 + r)
)

/2, where y = χ(DQB) ∈ [−1/3, ȳ ]; the developer sets the quality at q =

(δb+ γ)2(1 − y2)/(8c δb) and the price at p= (δb+ γ)3(1 − y2)(1 + y)/(16c δb);

(ii) if DQB > max{D̄QB, −2r2/(1 + r)3}, the provider treats every patient; the developer sets the

quality at q = γ/(2c) and the price at p=A+ γ2/(2c);

(iii) otherwise, the developer does not participate.

When the developer participates, the threshold D̄QB separates two regimes: the developer serves

part of the population if DQB ≤ D̄QB and every patient otherwise. We note that, in contrast with

fee-for-service and with the benefit-based payment, and similar to the first- and second-best, under a

quality-based payment, at full utilization, quality is positive.

The following lemma compares quality-based payment with fee-for-service at the same base fee.

Lemma 4. Comparing the equilibrium at fee-for-service with fee f with that of the quality-based

payment with the same fee f and quality incentive γ, we have the following:

(i) If A≥ 0, then pQ ≥ pFFS; qQ ≥ qFFS. Also, xQ
c ≤ xFFS

c unless fee-for-service is at full utilization.

(ii) If A< 0, then provided that the developer participates at fee-for-service (i.e., D>− 8/27), we

have xQ
c ≤ xFFS

c ; pQ ≥ pFFS; qQ ≥ qFFS.

Thus, quality-based payment raises quality and price, and it weakly expands utilization relative

to fee-for-service unless fee-for-service already treats all patients. Unlike benefit-based payment, it

does not pull adoption toward the high-complexity patients. This difference will drive the welfare

comparison between the two schemes.

6.2.2. Optimal Quality-Based Payment Scheme. We next consider a payer choosing (f, γ) to

maximize social welfare. The key question is whether a quality-based bonus together with an adequate

base fee can induce the developer to choose the socially preferred quality while preserving appropriate

utilization. Define

ρ̄≜
37 − 8

√
10

54
≈ 0.21670. (4)

When ρ≤ ρ̄, we show that the quality-based optimum takes a simple, full-utilization form.
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Proposition 6. Assume ρ≤ ρ̄. At the optimally designed quality-based payment, we have

(i) if E≥ − b2
1/(16c), then u∗

QB = 1, q∗
QB = b1/(4c), and γ∗ = b1/2. The base fee is not unique: any

f∗
QB ≥ 0 with A(f∗

QB, δ1) > −b2
1/(16c) implements this allocation, the developer setting p∗

QB =

A(f∗
QB, δ1) + b2

1/(8c).

(ii) if E<− b2
1/(16c), then u∗

QB = 0 and q∗
QB = 0.

Substituting yields the social welfare at the optimally designed quality-based payment:

W ∗
QB(E) =















E+
b2

1

16c
, E≥ − b2

1

16c
(full utilization),

0, E <− b2
1

16c
(no treatment).

The bonus has a simple interpretation. Under full utilization, the developer chooses q = γ/(2c).

Setting γ∗ = b1/2 therefore induces q = b1

4c
, which is the planner’s preferred quality under full utilization.

The condition ρ≤ ρ̄ is stronger than the maintained condition ρ≤ 2. Under this condition the

provider’s intrinsic stake in quality-driven benefit is small relative to the patient-benefit slope. The

all-or-nothing form and the bound ρ̄ have the same source: in the developer’s objective, only the

internalized benefit δb qx rises with complexity, so it is the only term that can support holding

patients back. For ρ≤ ρ̄ it is too small for any rationing contract to be worth its quality cost, and the

payer chooses between full utilization at the best implementable quality, worth E + b2
1/(16c), and

no adoption, worth zero; the threshold in the proposition is where the two tie. While for ρ≤ ρ̄, the

optimal quality-based contract leads to either full or no utilization, this is not the case when ρ is

above the threshold ρ̄. Indeed, for large enough values of ρ, the optimal quality-based contract may

lead to partial utilization as well, as can be seen from the proof of Proposition 7.

6.3. Comparison

We now compare the optimally designed benefit-based and quality-based schemes, without imposing the

condition ρ≤ ρ̄ of Proposition 6. The comparison makes clear why the two definitions of value lead to

different welfare consequences, and a single threshold function organizes every case. For ρ̄ < ρ < 1/2, let

uc ∈ (2/3, 2/(1+4ρ)) denote the unique root of 486ρ2u4 −432ρ2u3 +243ρu4 −540ρu3 +324ρu2 −8 = 0,

and define Ee(ρ) ≜ − b2

1

c
ρu2

c

[

3 − 2(1 + 2ρ)uc

]

, the effort surplus at which an interior quality-based

contract first matches the benefit-based optimum. The threshold −17b2
1/(432c) is the surplus at which

the full-utilization quality-based contract (γ = b1/2) does so. Define

Ê(ρ)≜



































− 17b2
1

432c
, 0< ρ≤ ρ̄,

min
{

− 17b2
1

432c
, Ee(ρ)

}

, ρ̄ < ρ <
1

2
,

− 2b2
1

27c
,

1

2
≤ ρ≤ 2.
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The next result gives the complete welfare ranking of the two schemes, for every internalization level

ρ≤ 2 and every effort surplus E.

Proposition 7. (i) If E ≥ 0, quality-based payment yields strictly higher welfare than benefit-

based payment for every 0< ρ≤ 2.

(ii) If −2b2
1/(27c)<E < 0, quality-based payment strictly dominates if and only if E > Ê(ρ), and

benefit-based payment strictly dominates if and only if E < Ê(ρ). Because Ê(ρ) ≤ −17b2
1/(432c)

for every ρ and Ê(ρ) = −2b2
1/(27c) for ρ≥ 1

2
, benefit-based payment can dominate only if ρ < 1

2

and E <−17b2
1/(432c).

(iii) If E ≤ −2b2
1/(27c), second-best welfare is zero, so W ∗

QB =W ∗
BB = 0.

(iv) Quality-based payment attains the second-best at every E with W SB,∗(E) > 0 if and only if

1
2

≤ ρ≤ 2+
√

3
2

; for ρ outside this interval it attains the second-best at some, but not all, such E.

Benefit-based payment attains the second-best at no such E, for any ρ.

ρ̄ 1

2
2+

√

3

2
2

provider benefit internalization ρ = δb/b1

0

−

17b
2

1

432c

−

2b
2

1

27c

eff
o
rt

su
rp
lu
s
E

quality-based payment attains the second-best for every E

quality-based payment dominates

benefit-based
payment dominates

no adoption under either scheme (equivalent)

E = Ê(ρ) (optima coincide)

E = 0

Figure 4 The welfare ranking of Proposition 7 in the (ρ, E) plane.

The result gives a complete ranking, which Figure 4 maps in the (ρ,E) plane. When the per-patient

effort surplus is nonnegative, quality-based payment strictly dominates benefit-based payment (and

achieves the second best with full utilization and positive quality). The reason is structural. Benefit-

based payment can maintain positive quality only while treating at most two-thirds of the patient

population. Quality-based payment can instead reward quality directly and support broader use

without changing the provider’s marginal reward across patient types. Thus, when treatment effort

has nonnegative surplus, the quality-based contract expands access and preserves quality, whereas

benefit-based payment stays bound by its utilization ceiling.
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When effort surplus is negative, rationing becomes valuable (and the second-best has partial

utilization). In that region, benefit-based payment can dominate because its complex-case bias helps

restrict use to the cases with the largest measured benefit. But this reversal is limited. It occurs

only when ρ < 1/2, and only for effort surpluses below Ê(ρ), a strict subset of the negative-E region;

quality-based payment dominates elsewhere. The reason is that when ρ is low, the provider places

little value on patient benefit, so the optimal quality-based contract induces full utilization, whereas

the partial utilization induced by benefit-based payment comes closer to the second best.

The comparison also clarifies the role of information. Benefit-based payment is based on a more

granular signal: patient-specific benefit. Quality-based payment is based on a coarser signal: technology

quality. One might therefore expect benefit-based payment to dominate. It does not. The finer-grained

signal is entangled with patient complexity, so rewarding it changes the provider’s marginal incentive

to treat different patient types. The coarser quality signal avoids that distortion while still motivating

developer investment. Here the less granular measure is the better instrument.

The interval in Proposition 7 (iv) is bounded on both sides by what the developer will accept.

When ρ is small, in the developer’s objective, the benefit term is small, but the bonus term is the

same across all patients, so serving fewer patients sacrifices bonus revenue that the benefit term

cannot replace. The contract implementing the second best is therefore unprofitable for the developer,

and the payer does better with the full-utilization contract. As ρ grows, the payer moves to interior

contracts that hold the developer at zero profit, until the second-best contract itself turns profitable.

At still higher ρ, that contract carries so large a base fee that the developer earns more by cutting its

price and collecting the fee on every patient, and the payer thus moves away from the second-best.

6.4. Numerical Illustration

We illustrate the welfare comparison using the calibration in Table 1, varying the provider’s benefit

internalization ρ = δb/b1. At the base case, ρ = 0.65 and E = 0.14 in units of b1. The optimally

designed benefit-based contract yields W ∗
BB = 0.258, whereas the optimally designed quality-based

contract yields W ∗
QB = 0.348, a welfare gain of 0.090, or about 35% of W ∗

BB. In dollar terms, this

corresponds to roughly $4,500 per patient under the normalization b1 = 1 ≡ $50,000.

Figure 5 traces the welfare of each optimally designed scheme as ρ varies. Panel (a) fixes a

nonnegative effort surplus, for which the second-best has full utilization. In this case, quality-based

payment attains the second-best for every ρ and strictly dominates the other schemes. Benefit-based

payment remains below the second-best because of its utilization ceiling, whereas fee-for-service

improves as the provider internalizes more benefit but remains below the designed value-based schemes.

Panel (b) fixes a negative effort surplus, for which the second-best has partial utilization. For ρ≤ ρ̄,

the quality-based optimum is nonetheless the full-utilization contract of Proposition 6, and its welfare
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does not vary with ρ: the provider’s intrinsic stake in benefit is too weak for any quality bonus

to replicate the second-best, and benefit-based payment dominates. Once ρ exceeds ρ̄, an interior

quality-based contract becomes optimal: it overtakes benefit-based payment at ρ≈ 0.31 and reaches

the second-best at ρ≈ 0.40, implementing it over nearly all of the remaining range. The base-case

value ρ= 0.65 lies in
[

1
2
, 2+

√
3

2

]

, so quality-based payment attains the second-best at the base case for

both values of E, consistent with Proposition 7.
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(a) Nonnegative effort surplus (E = 0.14)
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Figure 5 Social welfare of each optimally designed scheme as the provider’s benefit internalization ρ = δb/b1

varies, at the parameter values in Table 1; each scheme is shown at its welfare-maximizing design at

every ρ. Panel (a) fixes a nonnegative effort surplus (E = 0.14); panel (b) fixes a negative effort surplus

(E = −0.18), which corresponds to raising the implementation cost of Table 1 to k = 0.36, holding δ1

and Θ fixed.

The design of value-based reimbursement depends on what the payer measures. Paying for benefit

looks like the more direct route, but benefit is confounded with patient complexity, so the bonus

distorts access rather than widening it. Paying for quality is coarser. It targets the developer’s

investment margin without steepening the provider’s payoff in patient complexity, and where value is

jointly produced by a developer and a provider, that is usually enough to deliver the higher welfare.

7. Conclusions

We study an incentive design problem: how should a payer reimburse a transformative healthcare

technology whose value is jointly produced by the developer, the provider, and the patients selected

for treatment? Because the developer chooses quality and the provider chooses use and effort,

reimbursement shapes investment and treatment at the same time. The payer must decide which

observable measure should be used to structure the incentive.
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Fixed per-use payments are blunt. They change the provider’s return by the same amount for every

patient, altering overall use while leaving complex cases relatively more attractive. Fee-for-service

can therefore produce too much or too little use and too much or too little quality. Even when

reimbursement is zero, overuse remains possible.

Value-based payment depends on how value is measured. Benefit-based payment rises with patient

benefit and therefore with case complexity. It directs the technology toward complex patients and

creates a tradeoff between access and quality. Quality-based payment rewards a feature chosen by the

developer and shared across patients. Its common bonus strengthens quality incentives without tilting

reimbursement toward complex cases. This separation allows the payer to attain the best feasible

outcome across a broad range of settings.

This distinction drives the welfare ranking. Quality-based payment yields higher welfare whenever

the value created by provider effort covers the associated effort and implementation costs. Benefit-

based payment can perform better only when broader use is costly on net and the provider places

little weight on patient benefit. Its emphasis on complex cases then serves a useful rationing role.

The exact thresholds follow from our assumptions about patient complexity and benefit. Future

work could study provider competition, uncertain outcomes and learning, richer developer contracts,

and private information about patient complexity.

In our model, the payer contracts with the provider; developer-facing instruments, such as innovation

subsidies or outcome-contingent transfers from the payer to the developer, may be difficult to

administer at scale and, in any event, target a different margin. They can strengthen the developer’s

incentive to invest in quality, but they do not directly correct the provider’s utilization cutoff. Such

instruments therefore complement, rather than replace, provider-facing reimbursement. However, a

formal comparison is beyond the scope of the paper. We also restrict attention to per-use pricing by

the developer, a common commercial arrangement for the high-cost technologies we study. Product

sales and pay-per-use services are economically distinct models with different efficiency properties

(Ladas et al. 2022). We further assume that the per-use price is invariant across patients. Allowing

the developer to condition price on patient complexity would preserve the provider’s cutoff structure

under a monotone net-benefit condition, but would alter the equilibrium thresholds and closed-form

constants; we therefore do not claim that those constants extend to such contracts. Appendix OA5

considers the alternative in which the developer can extract provider surplus through a two-part tariff.

The optimal tariff is then an upfront purchase, which in general does not restore first-best effort, and

which would not be realistic to implement for costly new technologies.

The broader lesson concerns performance-measure design. For technologies such as robotic surgery

and AI-enabled diagnostics, realized value depends on the technology’s quality, the clinician’s effort,

and each patient’s clinical complexity. Because patient-specific benefit varies with case complexity,
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using this granular measure for reimbursement tilts technology use toward more complex patients. A

coarser measure based on verifiable technology quality targets the developer’s investment through a

bonus that is uniform across patient types. Effective value-based reimbursement therefore requires

matching the performance measure to the decision margin it is intended to influence.
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Online Appendix to “Provider Payment Models for Transformative

Technologies in Healthcare”

Appendix OA1: Proofs of Technical Results

Proof of Proposition 1. The planner chooses e to maximize θe− κ
2
e2. The unique optimizer is

eFB =
θ

κ
, and θeFB − κ

2
(eFB)2 =

θ2

2κ
.

Next, fix x1, x2. The quality-dependent part of welfare is

−cq2 + b1q · x
2
2 −x2

1

2
.

This is strictly concave in q, and the unique maximizer is

qFB(x1, x2) =
b1(x2

2 −x2
1)

4c
, max

q≥0

{

−cq2 + b1q · x2

2
−x2

1

2

}

=
b2

1(x2
2 −x2

1)2

16c
.

Substituting eFB and qFB(x1, x2) into the planner’s objective yields

W =
b2

1(x2
2 −x2

1)2

16c
+

(

θ2

2κ
− k

)

(x2 −x1)

=
b2

1

16c

[

(x2
2 −x2

1)2 + 4DFB(x2 −x1)
]

=
b2

1

16c
(x2 −x1)

[

(x2 −x1)(x2 +x1)2 + 4DFB
]

Setting x2 = x1 yields W = 0; hence, at the optimal solution, W ≥ 0, which implies (x2 −x1)(x2 +x1)2 +4DFB ≥
0. Suppose x1 <x2. Since both of the terms (x2 −x1) and [(x2 −x1)(x2 +x1)2 + 4DFB] are nonnegative and

increasing in x2, it follows that at the optimum, x2 = 1.

Hence,

W =
b2

1

16c

[

(1 −x2
1)2 + 4DFB(1 −x1)

]

dW

dx1

=
b2

1

4c

[

−x1 +x3
1 −DFB

]

d2W

dx2
1

=
b2

1

4c

[

−1 + 3x2
1

]

.

Let g(x) = −x+ x3 −DFB for x ∈ [0,1]. Then g(0) = g(1) = −DFB and g is decreasing on [0,1/
√

3) and

increasing on (1/
√

3,1], with g(1/
√

3) = −DFB −2/(3
√

3). As a result, if DFB ≥ 0, then dW
dx1

≤ 0 and it is optimal

to set x1 = 0. If DFB ≤ −2/(3
√

3), then dW
dx1

≥ 0 and it is optimal to set x1 = 1. Else, for −2/(3
√

3)<DFB < 0,

function g has two roots (one smaller than 1/
√

3 and one larger), and goes from positive to negative to

positive as x goes from 0 to 1. Hence, W is increasing then decreasing then increasing. Note when x1 = 1, W

takes the value 0. Therefore, W is maximized at the smallest root of g as long as W is nonnegative at that

point, and at x1 = 1 otherwise. At DFB = −8/27 the smallest root is x= 1/3 and W equals zero there, so

the planner is indifferent between treating two-thirds of patients and treating none; the convention adopted

for the planner selects the former, which is why the boundary belongs to part (ii). Let x< 1/
√

3 such that

−x+x3 −DFB = 0, that is, DFB = −x(1 −x2) = −x(1 −x)(1 +x). We have

(1 −x2)2 + 4DFB(1 −x)> 0 ⇔ (1 −x)(1 +x)2 + 4DFB > 0
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⇔ (1 −x)(1 +x)2 > 4x(1 −x)(1 +x)

⇔ 1 +x> 4x

⇔ x< 1/3 (< 1/
√

3).

The smaller root of g is at most 1/3 iff g(1/3) ≤ 0, that is, −1/3 + 1/27 −DFB ≤ 0, that is, DFB ≥ −8/27 (>

−2/(3
√

3)).

It remains to prove the closed-form expression for the unique root of g on [0,1/3] when DFB ≥ −8/27.

Setting x= 2√
3

cosθ and using cos(3θ) = 4cos3 θ− 3 cosθ implies x3 −x= 2
3

√
3

cos(3θ). Imposing x3 −x=DFB

yields cos(3θ) = (3
√

3/2)DFB. Hence the 3 solutions of the equation correspond to

3θ= arccos(
3
√

3

2
DFB) + 2kπ, k= 0,1,2.

The root in (0,1/3) corresponds to k= 2, equivalently

xFB
c = − 2√

3
cos

(

1

3
arccos

(

3
√

3

2
DFB

)

+
π

3

)

,

using cos(α+ 4π/3) = − cos(α+π/3). Q.E.D.

Proof of Lemma 1. Maximizing the social welfare over q yields q= b1u(2 −u)/(4c), resulting in a social

welfare equal to

W =
b2

1u
2(2 −u)2

16c
+Eu. (OA1)

Because the first-best uses eFB = θ/κ ≠ e∗ unless δ1 = 1, the relevant reimbursement benchmark is the

second-best,

W SB,∗(E) = max
u∈[0,1]

b2
1u

2(2 −u)2

16c
+Eu.

Let

W =
b2

1u
2(2 −u)2

16c
+Eu≜ F (u;E).

The derivative with respect to u is Fu(u;E) = (b2
1/4c)ϕ(u) +E, where ϕ(u) ≜ u(1 −u)(2 −u). If E ≥ 0, Fu ≥ 0

on [0,1], so u∗ = 1 and W SB,∗ = F (1;E) = b2
1/(16c) +E.

If E<− 2b2
1/(27c), write F (u;E) = u{b2

1u(2 −u)2/(16c) +E}; since u(2 −u)2 attains its maximum 32/27

at u= 2/3, corresponding to b2
1u(2 −u)2/(16c) +E = 2b2

1/(27c) +E<0 the brace is strictly negative on [0,1],

so F<0 on (0,1] and W SB,∗ = 0, attained only at u= 0.

For the intermediate range −2b2
1/(27c)≤E < 0, we show the larger root uE of Fu(u;E) = 0 lies in [2/3,1) and

is the global maximizer. Compute ϕ′(u) = 3u2 − 6u+ 2, with roots u= 1 ± 1/
√

3. On [0,1], ϕ is single-peaked

with maximum ϕ(1−1/
√

3) = 2/(3
√

3) and ϕ(0) = ϕ(1) = 0. Hence Fu is single-peaked on [0,1] with Fu(0;E) =

Fu(1;E) = E < 0 and peak value (b2
1/4c) · 2/(3

√
3) +E > 0 (since E≥ − 2b2

1/(27c) > −(b2
1/4c) · 2/(3

√
3) =

−b2
1/(6

√
3c)). Therefore Fu has two roots u1 <u2 in (0,1), with F decreasing on [0, u1], increasing on [u1, u2],

and decreasing on [u2,1]. Since F is decreasing on [u2,1] and F (u2)≥F (0) = 0, u2 is a global maximizer, and the

unique one when E >−2b2
1/(27c); at E = −2b2

1/(27c) we have F (u2) = F (0) = 0, and the convention adopted

for the planner selects u2. Finally, Fu(2/3;E) = (b2
1/4c)(2/3)(1/3)(4/3) +E = 2b2

1/(27c) +E≥0, and Fu is
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decreasing on [1 − 1/
√

3,1] ⊃ [2/3,1], so u2≥2/3, with equality only at E = −2b2
1/(27c). Setting uE ≜ u2 and

substituting E = −(b2
1/4c)uE(1 −uE)(2 −uE) from the FOC yields F (uE ;E) = (b2

1/(16c))u2
E(2 −uE)(3uE − 2).

The result follows after noting that xc = 1 −u. Q.E.D.

Proof of Lemma 2. Let u≥ 0 denote the measure of patients the provider treats with the technology. Effort

enters the provider’s objective only through treated patients, so the effort-dependent part of that objective is

u
(

δ1θe− κ

2
e2
)

,

which for u > 0 is strictly concave in e with first-order condition u(δ1θ− κe) = 0. Whenever the provider

treats a positive measure of patients, its unique optimal effort is therefore e∗ = δ1θ/κ. If u = 0, effort is

payoff-irrelevant, and we select the same value.

Substituting e∗ into the provider’s incremental utility from treating a patient of complexity x, and using

δ1θe
∗ − κ

2
(e∗)2 = δ2

1θ
2/(2κ) together with B2(x, q) + δ1B1(x, q) = δb qx, gives

v(x)≜ f + δb qx+ δ1θe
∗ − p− κ

2
(e∗)2 − k=A− p+ δb qx,

where A= f − k+ δ2
1θ

2/(2κ) = f − k̃(δ1). The objective is additive across patient types and the provider

faces no capacity constraint, so it treats precisely those types with v(x) ≥ 0; the weak inequality reflects the

convention that the provider uses the technology when indifferent. Because δb= δ1b1 + b2 > 0, the function v

is weakly increasing in x, and strictly increasing whenever q > 0.

Suppose first that q = 0. Then v(x) =A− p for every x, so the provider treats all patients if A≥ p and

none otherwise. The conditions in part (ii) cannot hold here, since they would require p≤A< p.

Suppose instead that q > 0. If A≥ p, then v(0) =A− p≥ 0, so v(x) ≥ 0 for every x∈ [0,1] and the provider

treats all patients, which is part (i). If p− δbq≤A< p, then v(0)< 0 while v(1) =A− p+ δbq≥ 0; since v is

strictly increasing it has the unique zero xc = (p−A)/(δbq) ∈ (0,1], and the provider treats the patients with

x∈
[

p−A
δbq

,1
]

, which is part (ii). At the boundary A= p− δbq only the type x= 1 is indifferent and treated, a

singleton of zero measure. Finally, if A< p− δbq, then v(1)< 0, and v(x) ≤ v(1) for every x ∈ [0,1], so the

provider treats no patient, which is part (iii). These cases are exhaustive. Q.E.D.

Proof of Proposition 2. For ease of notation, denote A≜ f − k+
δ2

1
θ2

2κ
.

We need to solve two optimization problems, and select the one leading to the higher objective value

(provided it is positive, to ensure participation). The first optimization problem is

max
p,q≥0

− cq2 + p

s.t. p≤A.

To be feasible, it is required to have A> 0. The optimal solution is q= 0 and p=A, with an objective value

of A.

The second optimization problem is

max
p,q≥0

ψ(p, q) = −cq2 + p

(

1 − p−A

δbq

)
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s.t. p >A

p− δbq≤A.

We have

∂ψ

∂p
(p, q) = 1 − 2p−A

δbq

∂ψ

∂q
(p, q) = −2cq+

p(p−A)

δbq2
.

The first-order conditions can be written as:

2p−A= δbq

2cδbq3 = p (p−A) .

The former implies p−δbq =A−p≤A, consistent with the second constraint of the optimization problem. The

latter implies in particular p−A> 0 as long as q > 0, consistent with the first constraint of the optimization

problem. Hence, at a stationary point, both constraints are satisfied as long as q > 0.

If A= 0, we can solve the first-order conditions to obtain p= 0, q = 0, which yields an objective value of zero,

or p= δ2b2/(16c), q = δb/(8c), which satisfies the constraints, and yields an objective value of δ2b2/(64c)> 0.

Thus this solution dominates the solution (0,0) and that of the first optimization problem.

If A ̸= 0, then q= 0 is not a possible solution of the FOC since the first condition implies p=A/2, while

the second implies p= 0 or p=A. In what follows, we assume A ̸= 0, which implies at the FOC, q > 0.

We have

∂2ψ

∂p2
(p, q) = − 2

δbq
< 0

∂2ψ

∂q2
(p, q) = −2c− 2

p(p−A)

δbq3
< 0

∂2ψ

∂p∂q
(p, q) =

2p−A

δbq2
,

where the first two inequalities are trivially satisfied at a stationary point. The second-order conditions also

require that, at a stationary point,

2

δbq

(

2c+ 2
p(p−A)

δbq3

)

−
(

2p−A

δbq2

)2

> 0.

Using the first-order condition, the above inequality simplifies to 12c/(δbq) − 1/q2 > 0, or equivalently,

q > δb/(12c).

Plugging the first condition into the second, we obtain

δ2b2q2 −A2

4
= 2δbcq3,

or equivalently

φ(q,A)≜ 8δbcq3 − δ2b2q2 +A2 = 0.

We need to solve this equation for q to find the quality at a stationary point for a given A ̸= 0.

Consider the change of variable x= 1
2

− A
2δbq

, so that q= A
δb(1−2x)

.
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The condition q > δb/(12c) can be rewritten as

A

δb(1 − 2x)
>

δb

12c
. (OA2)

Hence, if A> 0 then 1
2

− 6cA
δ2b2 <x<

1
2
; while if A< 0, then 1

2
<x< 1

2
+ 6c(−A)

δ2b2 . Since p= A(1−x)

1−2x
, the condition

p > 0 implies x< 1. Finally, the condition p >A implies x> 0.

Denoting D≜ 8cA
δ2b2 , then φ(q,A) = 0 can be rewritten as

8δbc

(

A

δb(1 − 2x)

)3

− δ2b2

(

A

δb(1 − 2x)

)2

+A2 = 0

⇔ 8cA3

δ2b2(1 − 2x)3
− A2

(1 − 2x)2
+A2 = 0

⇔ D− (1 − 2x) + (1 − 2x)3 = 0

where the last equality follows from multiplying both sides of the previous one by (1 − 2x)3/A2.

Now denote y= 1 − 2x. We have y ∈ [−1,1], and more precisely, y has the same sign as A (which has the

same sign as D). Condition (OA2) can be rewritten as: y < 3D/2 if D> 0; y > 3D/2 if D< 0.

y solves the depressed cubic equation g(y) ≜ y3 −y+D= 0. We have g(−1) = g(0) = g(1) =D. Furthermore,

g′(y) = −1 + 3y2, so that g is decreasing on [−1/
√

3,1/
√

3) and increasing on [−1,−1/
√

3) and on (1/
√

3,1],

with g(−1/
√

3) =D+ 2/(3
√

3) and g(1/
√

3) =D− 2/(3
√

3).

As a result, if D<−2/(3
√

3) or if D> 2/(3
√

3), then g(y) = 0 has no solution on [−1,1].

If D= −2/(3
√

3), the only root is y= −1/
√

3. This solution does not satisfy the condition y > 3D/2.

If D= 2/(3
√

3), the only root is y= 1/
√

3. This solution does not satisfy the condition y < 3D/2.

(A ̸= 0 implies D ̸= 0.)

Else, for 0< |D|< 2/(3
√

3), function g has two roots on [−1,1]. If D is positive, the roots are positive, with

one smaller than 1/
√

3 and one larger; if D is negative, the roots are negative, with one smaller than −1/
√

3

and one larger. If D > 0, the condition D < 2/(3
√

3) implies 3D/2 < 1/
√

3, thus the condition y < 3D/2

means that the relevant solution is the smaller root. Likewise, if D< 0, the condition D>−2/(3
√

3) implies

3D/2>−1/
√

3, thus the condition y > 3D/2 means that the relevant solution is the larger root.

Setting y = 2√
3

cosθ and using cos(3θ) = 4cos3 θ−3 cosθ implies y3 −y = 2
3

√
3

cos(3θ). Imposing y3 −y = −D
yields cos(3θ) = −(3

√
3/2)D. Hence the 3 solutions of the equation correspond to

3θ= arccos(−3
√

3

2
D) + 2kπ, k= 0,1,2.

We verify when D> 0, the smaller of the two positive roots is the solution with k= 2. Similarly, when D< 0,

the larger of the two negative roots is the solution with k= 2.

It remains to ensure that at this solution, the objective value is larger than that at the first optimization

problem. Namely, the second optimization problem dominates if the following inequality holds:

− c

(

A

δby

)2

+
A(1 + y)

2y
− 2c

(

A

δby

)2

>A

⇔ − 3c
A2

δ2b2y2
+
A(1 + y)

2y
>A

⇔ − 6cA2 +Ay(1 + y)δ2b2 > 2Aδ2b2y2
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⇔ − 6cA2 +Ayδ2b2 −Ay2δ2b2 > 0

⇔
{

D> 0
− 3D

4
+ y− y2 > 0

or

{

D< 0
− 3D

4
+ y− y2 < 0

Using D= y− y3 and the fact that y and D have the same sign, this can be rewritten as
{

y > 0
y(1 − y)(1 − 3y)> 0

or

{

y < 0
y(1 − y)(1 − 3y)< 0

⇔ (1 − y)(1 − 3y)> 0.

⇔ y < 1/3

⇔ g(1/3)< 0

⇔ D< 8/27.

Finally, the interior stationary point must also dominate the developer’s no-participation outside option.

Substituting the interior formulas into developer profit gives

Πint(y) =
δ2b2(1 − y2)(1 + y)(1 + 3y)

64c
.

Within the local-SOC range −1/
√

3< y < 1/
√

3, this profit is nonnegative if and only if y≥ −1/3. Equivalently,

using D= y− y3, the interior branch is individually rational if and only if D≥ −8/27. Hence the developer

selects the interior branch on −1/3< y≤ 1/3 (equivalently −8/27<D≤ 8/27), while an FOC root with

−1/
√

3< y≤ −1/3 is rejected in favor of no participation.

If there is no solution to the FOC and the first optimization is feasible (A> 0), then the solution is that

of the first optimization problem. But if A< 0, the first optimization problem is infeasible, so the optimal

solution is p= 0, q= 0 yielding an objective value of zero, so the developer does not participate.

Finally, using the fact that D= y− y3, note

q=
A

yδb
=
Dδb

8cy
=
δb

8c
(1 − y2)

p=
A(1 + y)

2y
=
Dδ2b2

8c

1 + y

2y
=
δ2b2

16c
(1 − y2)(1 + y).

Q.E.D.

Proof of Corollary 1. In the considered range, we have −8/27<D< 8/27. We have q = δb(1 − y2)/(8c).

Hence, q increases in y if y < 0, and decreases in y if y > 0. Moreover, taking the derivative of y− y3 =D with

respect to D leads to dy
dD

(1 − 3y2) = 1, and since |y|< 1/3, it follows that dy
dD

= 1/(1 − 3y2)> 0. Therefore,

noting that y has the same sign as D, it follows that q increases in D if D< 0, and decreases in D if D> 0.

We have p=A(1 + y)/(2y). Thus, using the fact that D= 8Ac/(δ2b2) = y(1 − y2),

dp

dA
=
∂p

∂A
+
∂p

∂y

∂y

∂A

=
1 + y

2y
− A

2y2

1

1 − 3y2

8c

δ2b2

=
1 + y

2y
− y(1 − y2)

2y2

1

1 − 3y2

=
(1 + y)(1 − 3y)

2(1 − 3y2)
after simplifications
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We have y >−1 and since |y|< 1/3, it follows that 1 − 3y2 > 0. Moreover, 1 − 3y > 0. Thus, it follows that

dp
dA
> 0.

We have xc = (1 − y)/2. Hence, xc decreases in y, while y increases in D. As a result, xc decreases in D.

Q.E.D.

Proof of Proposition 3. We have eFFS = eN = δ1θ/κ. Moreover, from Corollary 1, DN <D implies that the

price and usage are lower under no reimbursement than under FFS. Let k̃≜ k− δ2

1
θ2

2κ
. We have q decreasing

in y2, so q decreases in |y|. Hence, q < qN iff |y|> |yN| iff |D|> |DN| iff |f − k̃|> |k̃|. If k̃ < 0, this inequality

can be rewritten as f − k̃ >−k̃, which is automatically true. If k̃ > 0, this inequality can be rewritten as

|f − k̃|> k̃, or equivalently, f > 2k̃. Q.E.D.

Proof of Corollary 2. If DFB ≥ −8/27 and −8/27<D≤ 8/27, we have xFB
c ≤ 1/3. At FFS, −1/3< y≤

1/3 implies that xFFS
c = (1 − y)/2 lies within [1/3,2/3). Since xFB

c ≤ 1/3 ≤ xFFS
c , it follows that xFB ≤ xFFS

c ,

with equality only in the degenerate case DFB = −8/27 and D= 8/27; otherwise there is strict underuse at

FFS. If DFB <−8/27 and −8/27<D≤ 8/27, we have xFB
c = 1 while xFFS

c < 1.

If DFB ≥ −8/27 and D> 8/27, we have xFFS
c = 0 and xFB

c ≥ 0.

If DFB <−8/27 and D> 8/27, We have xFFS
c = 0 and xFB

c = 1.

If DFB ≥ 0 then there is full utilization at the FB, so no reimbursement leads to either underuse or the

same utilization. Now suppose DFB < 0. Since δ1 ≤ 1, we have

DFB =
4c

b2
1

(

−k+
θ2

2κ

)

, DN =
8c

(δb)2

(

−k+
δ2

1θ
2

2κ

)

≤ 8c

(δb)2

(

−k+
θ2

2κ

)

=
2b2

1

(δb)2
DFB.

Since δb <
√

2b1, we thus have

DN ≤ 2b2
1

(δb)2
DFB <DFB.

If DFB ∈ [−8/27,0], then xFB ≤ 1/3, while DN < 0 implies that under no reimbursement, either no patient is

treated, or the cutoff is xN ∈ (1/3,2/3) so xN >xFB. Finally, if DFB <−8/27, then DN <−8/27, and in both

cases no patient is treated. Q.E.D.

Proof of Corollary 3. We have qFB = b1(1 − (xFB
c )2)/(4c).

If DFB ≥ −8/27 and −8/27<D ≤ 8/27, we have xFB
c ≤ 1/3, so qFB ≥ 2b1/(9c). At FFS, qFFS =A/(yδb) =

δbD/(8cy) = δb(1 − y2)/(8c)< δb/(8c) ≤ (16/9)b1/(8c) = 2b1/(9c) ≤ qFB, and the first inequality is strict, so

qFFS < qFB.

If DFB <−8/27 and −8/27<D≤ 8/27, we have xFB
c = 1 so qFB = 0 while qFFS > 0.

If DFB ≥ −8/27 and D> 8/27, we have qFFS = 0 and qFB > 0 so qFFS < qFB.

If DFB <−8/27 and D> 8/27, both qualities are at zero. Q.E.D.

Proof of Lemma 3. We note Proposition 2 applies after replacing δ with δ+β. In particular, y has the sign

of D and yB has the sign of DBB. Also note A is independent of δ. Furthermore, from the proof of Corollary 1,

we know that y is increasing in D.

If A > 0, we have 0 < DBB < D. First suppose that both FFS and BB lead to partial utilization (i.e.,

0<DBB <D< 8/27). As a result, 0< yB < y. Since x= (1 − y)/2, it follows that xB >x. Moreover, we have
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qB = (δ+ β)b(1 − (yB)2)/(8c) and q = δb(1 − y2)/(8c). Since 1 − (yB)2 > 1 − y2 > 0 and δ+ β > δ, it follows

that qB > q. Finally, we have p=A(1 + y)/(2y). Since the expression (1 + y)/(2y) decreases in y over the

positive domain, since A> 0 and yB < y, it follows that pB > p. Now suppose 0<DBB < 8/27 ≤D, so that

BB leads to partial utilization but FFS to full utilization. We have q= 0, p=A, x= 0, and the inequalities

hold. If both payment schemes lead to full utilizations, all 3 metrics are equal.

If A < 0, we have D < DBB < 0. We suppose that both FFS and BB lead to partial utilization (i.e.,

−8/27<D<DBB < 0). As a result, 0> yB > y. Since x= (1−y)/2, it follows that xB <x. Moreover, we have

p=A(1 + y)/(2y) = (−A)(1 + y)/(−2y). Since the positive expression (1 + y)/(−2y) increases in y for y < 0,

since (−A)> 0 and yB > y, it follows that pB > p. Regarding quality, we have qB = (δ+β)b(1 − (yB)2)/(8c)

and q = δb(1 − y2)/(8c). Hence, qB/q = [(δ+β)/δ][(1 − (yB)2)/(1 − y2)]. Since 0> yB > y, we have y2 > (yB)2

and thus 0< 1 − y2 < 1 − (yB)2. Since (δ+β)/δ > 1, it follows that qB/q > 1. Q.E.D.

Proof of Proposition 4. The payer’s stage-0 design problem is two-dimensional in the contract (f,β),

equivalently in (A,s) with A= f −k+ δ2
1θ

2/(2κ) and s= (δ+β)b. By Proposition 2 with δb replaced by s, the

BB equilibrium at contract (A,s) at partial utilization has the developer choosing quality q∗ = s(1 − y2)/(8c)

and the provider treating a fraction u∗ = (1 + y)/2, where y ∈ (−1/3,1/3] solves the cubic y3 − y+ 8cA/s2 = 0.

Both q∗ and u∗ depend on both payer instruments. We observe that on the developer-selected interior branch

the map (β,A) ↔ (s,u) is a bijection over {s≥ δb, u∈ [1/3,2/3]}, so

max
(β,A)

WBB = max
s≥δb, u∈[1/3,2/3]

W int
BB(u, s).

We evaluate the right-hand side by the decomposition max(s,u) = maxu maxs; the order is a matter of analytical

convenience. We start by optimizing s for a given u, then we optimize u.

Substituting q = su(1 − u)/(2c) and A = s2u(1 − u)(2u − 1)/(2c) from Proposition 2 into the welfare

expression gives

W int
BB(u, s) = −s2u2(1 −u)2

4c
+
b1su

2(1 −u)(2 −u)

4c
+Eu,

strictly concave in s at any fixed u∈ (1/3,2/3], with unconstrained maximizer s◦(u) = b1(2 −u)/[2(1 −u)].

Note that s◦(u) is increasing in u. Since s◦(1/3) = 5b1/4, the constraint s≥ δb is satisfied for u∈ (1/3,2/3] if

δb≤ 5b1/4. Then, plugging s◦(u) into W int
BB(u, s), we obtain the second-best

F (u;E) =
b2

1u
2(2 −u)2

16c
+Eu,

If δb > 5b1/4 constraint s◦(u) ≥ δb can be written as u≥ ū(δb) = 2(δb− b1)/(2δb− b1). (We have s◦(2/3) =

2b1 ≥ δb, so u= 2/3 remains feasible.) If u< ū(δb) the constraint s≥ δb of the optimization problem is binding

(that is, δb > s◦(u)), then the optimal s= δb and the constrained value W int
BB(u, δb)<W int

BB(u, s◦(u)) = F (u;E)

by strict concavity in s. Treating the no-participation/no-treatment regime u∈ [0,1/3) as the boundary value

W = 0 (achieved by setting β = 0 and f small enough that the developer exits) extends the domain of the

outer maximization to u∈ [0,2/3], with F (0;E) = 0 matching the no-treatment cap.
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Writing F (u;E) = uh(u;E) with h(u;E)≜ b2
1u(2 −u)2/(16c) +E and noting h is strictly increasing in u

on [0,2/3] with h(2/3;E) = 2b2
1/(27c) +E, we obtain

max
u∈[0,2/3]

F (u;E) =

{

0, E <−2b2
1/(27c),

4b2
1/(81c) + 2E/3, E ≥ −2b2

1/(27c).

The first case follows because h< 0 throughout [0,2/3], so F < 0 on (0,2/3] and the maximum is attained

only at u= 0. The second case follows because (i) if E ≥ 0, then h≥ 0 and nondecreasing throughout [0,2/3],

so F = uh is nondecreasing and maximized at u= 2/3. (ii) if E < 0, h changes sign from negative to positive

at some u0 ∈ [0,2/3), with F ≤ F (0) = 0 on [0, u0] and F a product of non-negative non-decreasing factors on

[u0,2/3], attaining its maximum at u= 2/3.

Consider now the full-utilization case. With β = 0 and A> (δb)2/(27c), so that D> 8/27, Proposition 2(i)

applies: the developer sets q = 0 and p=A, and the provider treats all patients. The bonus is inactive at

q = 0, so β∗
BB = 0 is a normalization, and welfare is constant in f on this range. Setting q = 0 and u= 1 in the

welfare expression (3), we obtain W full
BB =E.

The interior value dominates the full-utilization value iff E ≤ 4b2
1/(81c) + 2E/3, that is, E ≤ 4b2

1/(27c).

The middle-branch contract follows by evaluating the formulas above at u = 2/3: s◦(2/3) = 2b1, hence

β∗
BB = 2b1/b − δ, q∗

BB = s◦u(1 − u)/(2c) = 2b1/(9c), and A = (s◦)2u(1 − u)(2u − 1)/(2c) = 4b2
1/(27c), i.e.,

f∗
BB = 4b2

1/(27c) + k̃. Q.E.D.

Proof of Proposition 5. Lemma 2 applies after replacing p with p− γq. In the second stage, the provider

exerts effort level e= δ1θ/κ. Moreover, given the price p > 0 and quality q > 0 selected by the developer,

(i) if A≥ p− γq, the provider uses the new technology on all patients;

(ii) if p − (γ + δb)q ≤ A < p − γq, the provider uses the new technology on patients with complexity

x∈
[

p−γq−A
δbq

,1
]

;

(iii) else, the provider does not use the new technology.

We need to solve two optimization problems, and select the one leading to the higher objective value (provided

it is positive, to ensure participation).

The first optimization problem is

max
p,q≥0

− cq2 + p

s.t. p− γq≤A.

At the optimal solution, we have p=A+ γq. Plugging into the objective, we get

max
q≥0

− cq2 +A+ γq

s.t. A+ γq≥ 0.

The optimal solution is

(i) if A≥ −γ2/(2c), then q = γ/(2c) and p= A+ γ2/(2c), with an objective value of A+ γ2/(4c). This

full-utilization branch is individually rational if and only if A+ γ2/(4c) ≥ 0, that is, A ≥ −γ2/(4c),

which is equivalent to DQB ≥ −2r2/(1 + r)3. The weaker condition A ≥ −γ2/(2c) only ensures the

unconstrained branch optimizer has nonnegative price.
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(ii) if A<−γ2/(2c), then q= −A/γ and p= 0, with an objective value of −cA2/γ2. Since the objective is

negative, the developer would not participate and would get an objective value of zero.

Hence, the optimal solution is (1) if A≥ −γ2/(4c), then q= γ/(2c) and p=A+ γ2/(2c), with an objective

value of A+ γ2/(4c). (ii) else, do not participate.

The second optimization problem is

max
p,q>0

− cq2 + p

(

1 − p− γq−A

δbq

)

s.t. p− γq >A

p− (γ+ δb)q≤A.

FOC with respect to q:

∂π

∂q
=
p(p−A)

δb q2
− 2cq= 0,

yielding

2cδbq3 = p(p−A).

FOC with respect to p:

∂π

∂p
=
δb q+ γq+A− 2p

δb q
= 0,

yielding

p=
(δb+ γ)q+A

2
.

Substituting the p-FOC into the q-FOC yields:

8cδbq3 − (δb+ γ)2q2 +A2 = 0.

Define y≜A/(q(γ+δb)), so that q =A/(y(γ+δb)). Then, the above equation can be written as y3 −y+DQB =

0 where DQB = 8cδbA/(δb+ γ)3 = (δb/(γ + δb))3D(f, δ1, δ). Moreover, the p-FOC can be rewritten as p=

A(1 + y)/(2y). Since 1/y= (1 − y2)/DQB, we have q=A(1 − y2)/(DQB(γ+ δb)) = (δb+ γ)2(1 − y2)/(8cδb).

Finally, substituting into xc = (p−A− γq)/(δb q), we get

xc =
(γ+ δb)(1 − y) − 2γ

2δb
=
δb− γ− y(δb+ γ)

2δb
,

and thus

y=
δb(1 − 2xc) − γ

δb+ γ
.

Since xc ∈ [0,1], it follows that y ∈ [−1, (δb− γ)/(δb+ γ)] = [−1, (1 − r)/(1 + r)] ⊂ [−1,1].

Constraint p≥ 0 implies y has the same sign as A. Constraint q≥ 0 is satisfied.

Constraint p− γq >A can be rewritten as

A

y

(

1 + y

2
− γ

γ+ δb

)

>A,
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which holds because y≤ (δb− γ)/(δb+ γ).

Constraint p− (γ+ δb)q≤A can be rewritten as

A

y

(

1 + y

2
− 1

)

≤A,

which holds because y≥ −1.

Similar to the proof of Proposition 2, the second order conditions hold whenever q > (δb+ γ)2/(12cδb), or

equivalently, −1/
√

3< y < 1/
√

3. The depressed cubic has no root on this interval when |DQB|> 2/(3
√

3);

otherwise it has a single root which has the same sign as DQB (and thus, as A). Hence, we need −2/(3
√

3) ≤
DQB ≤ 2/(3

√
3).

It remains to compare to the full-utilization objective. This may give further conditions on DQB for the

interior solution to be the optimal solution. Namely, since 1 − xc = (γ + δb)(1 + y)/(2δb), we need to find

conditions for:

−c A2

y2(γ+ δb)2
+
A(1 + y)

2y

(γ+ δb)(1 + y)

2δb
>A+

γ2

4c
if A≥ −γ2/(4c), and

−c A2

y2(γ+ δb)2
+
A(1 + y)

2y

(γ+ δb)(1 + y)

2δb
> 0 if A<−γ2/(4c).

Denoting r= γ/(δb) and using A=DQB(γ+ δb)3/(8cδb) = (y− y3)(γ+ δb)3/(8cδb), the second inequality

can be written as

(δb)2(1 + r)4(1 − y2)(1 + y)(3y+ 1)

64c
> 0,

which holds for y >−1/3, or equivalently, DQB >−8/27. To ensure that the constraint y >−1/3 is compatible

with the condition y≤ (1−r)/(1+r) (which derives from the constraint that xc ≥ 0), we need (1−r)/(1+r)>

−1/3, that is, r < 2. Moreover, the first inequality can be written as

− (1 − y)2(1 + y)2(1 + r)4

16
+

(1 − y)(1 + r)4(1 + y)3

8
>
y(1 − y2)(1 + r)3

2
+ r2

⇔ (1 + r)3(1 − y2)[−(1 − y2)(1 + r) + 2(1 + r)(1 + y)2 − 8y] − 16r2 > 0

⇔ G(y)≜ (1 + r)3(1 − y2)[(1 + r)(1 + y)(1 + 3y) − 8y] − 16r2 > 0.

We obtain after simplifications

G′(y) = 4(1 + r)3(1 − 3y2)[(1 + r)y− (1 − r)].

We have −1/3 ≤ y ≤ 1/
√

3; therefore, G′(y) has the sign of (1 + r)y − (1 − r), that is, G′(y) ≥ 0 iff y ≥
(1 − r)/(1 + r). We obtained earlier xc ≥ 0 imposes the constraint y≤ (1 − r)/(1 + r). Therefore, G′(y) ≤ 0 for

all feasible y. It follows that G is monotonically decreasing on the relevant interval, so it has at most one

root. We also obtain G((1 − r)/(1 + r)) = 0. Two cases arise; in each, the interior solution prevails over full

utilization precisely when y≤ ȳ, with ȳ and D̄QB as defined before Proposition 5.

When r ≥ 2 −
√

3, so that (1 − r)/(1 + r) ≤ 1/
√

3, G decreases on the relevant interval −1/3 ≤ y ≤
(1 − r)/(1 + r) = ȳ and reaches zero at its right endpoint, so G(y) ≥ 0 throughout: the interior solution

dominates whenever its cutoff is feasible, and the binding constraint y≤ ȳ is feasibility of the cutoff (xc ≥ 0)
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itself. When r < 2 −
√

3, so that 1/
√

3< (1 − r)/(1 + r), G decreases on the feasible interval [−1/3,1/
√

3] and

then increases on [1/
√

3, (1 − r)/(1 + r)] to reach zero at (1 − r)/(1 + r); hence G(1/
√

3) ≤ 0. Since, after

simplifications, G(1/3) = 16r(r+ 4)(2r− 1)2/27> 0, the function G has a unique root y∗ ∈ (1/3,1/
√

3], as

claimed before Proposition 5, and G(y)> 0 iff y < y∗ = ȳ.

In both cases, because y solves y− y3 =DQB and y 7→ y− y3 is increasing on [−1/
√

3,1/
√

3], the condition

y ≤ ȳ is equivalent to DQB ≤ ȳ− ȳ 3 = D̄QB; for r ≥ 2 −
√

3, the threshold evaluates to D̄QB = (1 − r)/(1 +

r) −
(

(1 − r)/(1 + r)
)3

= 4r(1 − r)/(1 + r)3. At DQB = D̄QB, the interior and full-utilization solutions yield

equal profits when r < 2 −
√

3 (this is G(ȳ) = 0) and coincide when r≥ 2 −
√

3; the tie is resolved in favor of

the interior solution, so case (i) carries the weak inequality. The interior solution is therefore selected when

−8/27<DQB ≤ D̄QB, which is case (i).

Full utilization is selected when the interior solution is ruled out (DQB > D̄QB or DQB ≤ −8/27) and the

full-utilization solution earns a positive profit (DQB >−2r2/(1 + r)3, from the first optimization problem).

The alternative DQB ≤ −8/27 is incompatible with a positive full-utilization profit: since

− 2r2

(1 + r)3
+

8

27
= 2

4 + 12r− 15r2 + 4r3

27(1 + r)3
= 2

(r− 2)2(4r+ 1)

27(1 + r)3
≥ 0,

we have −8/27 ≤ −2r2/(1 + r)3. Full utilization therefore prevails when DQB >max{D̄QB, −2r2/(1 + r)3},

which is case (ii). Otherwise, no feasible contract earns a positive profit and the developer does not participate,

which is case (iii). Q.E.D.

Proof of Lemma 4. We note that yQ is the same function of DQB as y as a function of D. Hence, y and yQ

have the sign of D and furthermore, from the proof of Corollary 1, we know that y is increasing in D.

If A> 0, since r > 0, we have 0<DQB <D. First suppose both FFS and QB lead to partial utilization.

As a result, 0< yQ < y. We have qQ = (δb+ γ)2(1 − (yQ)2)/(8cδb) and q= δb(1 − y2)/(8c). Since 1 − (yQ)2 >

1 − y2 > 0 and (δb+ γ)2/(δb) > δb, it follows that qQ > q. Finally, we have p = A(1 + y)/(2y). Since the

expression (1 + y)/(2y) decreases in y over the positive domain, since A> 0 and yQ < y, it follows that pQ > p.

Moreover, we have xFFS
c = (1 − y)/2, xQ

c = (1 − r− (1 + r)yQ)/2 so xFFS
c − xQ

c = ((1 + r)yQ + r− y)/2. If

y ≤ r, then (1 + r)yQ + r− y ≥ r− y ≥ 0. Suppose then y > r, and write v = y − r > 0. We want to show

(1 + r)yQ > v, equivalently yQ > v/(1 + r). The function g(s) = s− s3 = s(1 − s)(1 + s) is strictly increasing

on [0, 1/
√

3], and the cubic identities give g(yQ) =DQB =D/(1 + r)3 = g(y)/(1 + r)3, so this is equivalent

to g(y)> (1 + r)3 g(v/(1 + r)). Expanding g(s) = s(1 − s)(1 + s) at s= y = v+ r and at s= v/(1 + r), and

collecting terms,

g(y) − (1 + r)3 g

(

v

1 + r

)

= r (1 + v+ r) (1 − 3v− r). (OA3)

The factors r and 1+v+r are positive. The third factor is positive iff v < (1−r)/3, equivalently y < (1+2r)/3.

Since y < 1/3, we have (1 + 2r)/3> 1/3> y. Hence, xFFS
c ≥ xQ

c .

Now suppose that QB leads to partial utilization but FFS to full utilization. Then, 0 = xFFS
c <xQ

c , so the

inequality on xc is the reverse of that in the dual partial-utilization case. We have q = 0, p=A, and the

inequalities for q and p hold. If both payment schemes lead to full utilizations, xQ = x= 0; qQ = γ/(2c)> 0 = q

and pQ =A+ γ2/(2c)>A= p.
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Finally, suppose FFS is at partial utilization and QB at full utilization. xFFS
c >xQ

c = 0. Then qQ = γ/(2c) =

rδb/(2c) and q = δb(1 − y2)/(8c) so qQ/q = 4r/(1 − y2). We have 1 − y2 ≤ 1. It remains to show 4r > 1 to

conclude qQ > q. To do this, note this case requires r≥ 2 −
√

3. Indeed, otherwise, full utilization at QB would

require DQB > D̄QB = g(y∗). Since y∗ > 1/3 and g is increasing, g(y∗)> g(1/3) = 8/27. Therefore, DQB > 8/27.

But FFS at partial utilization implies D< 8/27. Since DQB =D/(1 + r)3 <D< 8/27, this is a contradiction.

Hence, this case requires r≥ 2−
√

3. Full utilization at QB requires DQB > 4r(1−r)/(1+r)3, so D> 4r(1−r).

FFS at partial utilization implies D< 8/27. Hence, 4r(1 − r)< 8/27. The function 4r(1 − r) is unimodal on

the positive domain, reaching a maximum of 1 at 1/2. It takes the value 0.78 > 8/27 (approximately) at

2 −
√

3< 1/2. Therefore, there is a single root r0 > 1/2 over [2 −
√

3,∞) for the equation 4r(1 − r) = 8/27,

and thus 4r(1 − r) < 8/27 is equivalent to r > r0. It follows that 4r > 4r0 > 1, and thus qQ > q. Finally,

pQ = A+ γ2/(2c) = A+ r2(δb)2/(2c) and p = A(1 + y)/(2y), where A = y(1 − y)(1 + y)(δb)2/(8c), so that

pQ −p= (δb)2(8r2 − (1 +y)(1 −y)2)/(16c). We seek to show 8r2 > (1 +y)(1 −y)2. The function (1 +y)(1 −y)2

has derivative −(1 − y)(1 + 3y) which is negative on (0,1/3), so the function is decreasing, and attains

its maximum value over an interval at the left end of the interval. First suppose (1/2< r0 <) r ≤ 1. The

smallest value of y in this case is obtained for the smallest value of D, which is 4r(1 − r). The corresponding

ym is such that ym − y3
m = ym(1 − y2

m) = 4r(1 − r). Hence, we have (1 + ym)(1 − ym)2 = (1 − y2
m)(1 − ym) =

4r(1 − r)(1 − ym)/ym. It suffices to show 8r2 > 4r(1 − r)(1 − ym)/ym, or equivalently, ym > (1 − r)/(1 + r).

This is equivalent to 4r(1 − r) = ym − y3
m > (1 − r)/(1 + r) − (1 − r)3/(1 + r)3 = 4r(1 − r)/(1 + r)3, which holds

true due to r > 0. Now suppose r > 1. The smallest value of y in this case is obtained for the smallest value of

D, which is 0, corresponding to y= 0, so we need to show 8r2 > 1. This clearly holds when r > 1. It follows

that pQ − p > 0.

If A< 0, we have D <DQB < 0. FFS cannot be at full utilization. We suppose both FFS and QB lead

to partial utilization. As a result, 0 > yQ > y. It follows that xQ = (1 − r − yQ(1 + r))/2 < (1 − yQ)/2 <

(1 − y)/2 = x. Moreover, we have p = A(1 + y)/(2y) = (−A)(1 + y)/(−2y). Since the positive expression

(1 + y)/(−2y) increases in y for y < 0, since (−A)> 0 and yQ > y, it follows that pQ > p. Moreover, we have

qQ =A/(yQ(γ+ δb)) =A/(yQδb(1 + r)) and q =A/(yδb). Hence, q/qQ = (1 + r)yQ/y. To show qQ > q, we need

to show 0<−yQ < (−y)/(1 + r). Equivalently, we want to show (−yQ) − (−yQ)3 <−y/(1 + r) − (−y/(1 + r))3.

We have −yQ − (−yQ)3 = −DQB = −D/(1 + r)3 = −(y − y3)/(1 + r)3 = −y(1 − y2)/(1 + r)3. Moreover,

−y/(1 + r) − (−y/(1 + r))3 = (−y)((1 + r)2 − y2)/(1 + r)3 >−y(1 − y2)/(1 + r)3. It follows that qQ > q.

Now suppose that FFS leads to partial utilization and QB to full utilization. We have 0 = xQ
c ≤ xFFS

c . Using

the same reasoning as for A> 0, this case requires r≥ 2 −
√

3 and 4r(1 − r)/(1 + r)3 <DQB < 0; hence, r > 1.

Therefore, qQ/q= 4r/(1 − y2)> 4r > 1. Regarding prices, we have pQ =A+ γ2/(2c) =A+ r2(δb)2/(2c) and

p=A(1 +y)/(2y), where A= y(1 −y)(1 +y)(δb)2/(8c), so that pQ −p= (δb)2(8r2 − (1 +y)(1 −y)2)/(16c). We

seek to show that 8r2 > (1 + y)(1 − y)2. This is clear after noting that r > 1, so 8r2 > 8 while 0< (1 + y)< 1

so (1 + y)(1 − y)2 < (1 − y)2 < (1 + 1/3)2 = 16/9< 2< 8. Q.E.D.

Proof of Proposition 6. A straightforward computation shows that the full-utilization QB contract with

γ = b1/2 leads to a social welfare of E+b2
1/(16c). Under full utilization, welfare is W full(q;E) =E+b1q/2−cq2,
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uniquely maximized at q = b1/(4c) with value E + b2
1/(16c); by Proposition 5(ii) the developer chooses

q = γ/(2c) on this branch, so γ∗ = b1/2 induces that quality. Because ρ≤ ρ̄ < 1/4, we have r = γ∗/(δb) =

1/(2ρ) > 2, and the conditions of Proposition 5(ii) reduce to A > −γ∗2/(4c) = −b2
1/(16c), which is strict

developer participation because full-utilization profit equals A+ b2
1/(16c). If this quantity is negative, the

payer prefers no adoption, which yields welfare zero; a base fee large enough to secure developer participation

would still leave welfare negative. At E = −b2
1/(16c) the full-utilization allocation and no adoption both yield

zero, and the statement assigns the boundary to full utilization, again resolving indifference in favor of use.

We now show that no interior QB contract dominates this full-utilization contract.

Reparameterize the QB interior branch by treated fraction u and bonus ratio r= γ/(δb). From

xc =
1 − r− y(1 + r)

2
, u= 1 −xc,

we have y= 2u/(1 + r) − 1 and

q=
δb

2c
u(1 + r−u), p=

(δb)2

2c
u2(1 + r−u).

Thus the interior-branch welfare can be written as

W int
QB(u, r) =Eu+

δb

4c
u2(1 + r−u)

[

b1(2 −u) − δb(1 + r−u)
]

.

The interior developer profit equals

Πint
QB(u, r) = −c q2 + pu=

(δb)2

4c
u2(1 + r−u)(3u− 1 − r),

so, for developer participation, any selected interior equilibrium must satisfy r≤ 3u− 1; together with r≥ 0,

this implies u∈ [1/3,1].

For r≤ 3u− 1,

∂W int
QB

∂r
=
δb

4c
u2
[

b1(2 −u) − 2δb(1 + r−u)
]

≥ δb

4c
u2
[

b1(2 −u) − 4δbu
]

≥ 0,

because δb/b1 ≤ ρ̄ < 1/4 and u≤ 1. Hence, for each treated fraction u, the largest possible interior welfare is

attained at the participation edge r= 3u−1. Hence, it suffices to show no QB interior contract with r= 3u−1

can dominate the full-utilization QB contract with γ = b1/2. We have

W int
QB(u,3u− 1) =Eu+

δbu3

2c
(b1(2 −u) − 2δbu).

Define ∆(u;E) = (E+ b2
1/(16c)) −W int

QB(u,3u− 1); explicit computation shows

∆
(

u;−b2
1/(16c)

)

=
b2

1

16c
uh(u), h(u) = 1 − 16(δb/b1)u2 + 8(δb/b1)(1 + 2δb/b1)u3.

The cubic h has critical points u= 0 and uc = 4/[3(1 + 2δb/b1)], with uc a minimum. We have δb/b1 ≤ ρ̄ < 3/2,

so uc > 1/3. Two cases arise. If δb/b1 ≥ 1/6, then uc ∈ (1/3,1] and the binding lower bound of h on [1/3,1] is

h(uc) = 1 − 256(δb/b1)/[27(1 + 2δb/b1)2], which is nonnegative iff 27(1 + 2δb/b1)2 ≥ 256(δb/b1), equivalently

108(δb/b1)2 − 148(δb/b1) + 27 ≥ 0, with smaller root ρ̄= (37 − 8
√

10)/54 (cf. eq. (4)). If δb/b1 < 1/6, then

uc > 1, so h is decreasing on [0,1] and the binding bound is h(1) = (1−4δb/b1)2 ≥ 0, automatically. Combining

the two cases, h(u) ≥ 0 for all u ∈ [1/3,1]. Since ∆(u;E) = ∆
(

u;−b2
1/(16c)

)

+ (E + b2
1/(16c))(1 − u), we
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have ∆(u;E) ≥ 0 for all u ∈ [1/3,1] and all E ≥ −b2
1/(16c). Therefore no interior QB contract beats full

utilization before the latter exits. It remains to treat E <−b2
1/(16c). At E = −b2

1/(16c) the display above

gives W int
QB(u,3u− 1) ≤ 0 for every u∈ [1/3,1], and interior welfare rises in r up to the participation edge, so

it is nonpositive throughout that branch. Because interior welfare shifts by (E+ b2
1/(16c))u as E varies, every

interior allocation with u> 0 earns strictly negative welfare once E <−b2
1/(16c), while the best full-utilization

allocation earns E+ b2
1/(16c)< 0. No adoption, with welfare zero, is therefore optimal. Q.E.D.

Proof of Proposition 7. The parts of the statement are assembled as follows. Part (i) is Step 1 below.

Part (ii) collects three regimes on the band E ∈ (−2b2
1/(27c),0): for ρ ≤ ρ̄, the welfare gap W ∗

QB(E) −
W ∗

BB(E), equal to E/3 + 17b2
1/(1296c) where full utilization is efficient, is continuous in E, negative on

(−2b2
1/(27c),−17b2

1/(432c)), zero at E = −17b2
1/(432c), and positive above, which is the claim with Ê(ρ) =

−17b2
1/(432c); Step 2a covers ρ≥ 1

2
, where quality-based payment strictly dominates throughout the band so

that Ê(ρ) = −2b2
1/(27c); and Step 2b covers ρ̄ < ρ < 1

2
, where the crossing Ec(ρ) = min{EF ,Ee(ρ)} equals Ê(ρ).

The necessary condition closing part (ii) follows because every branch of Ê lies weakly below −17b2
1/(432c).

Part (iii): for E ≤ −2b2
1/(27c), Lemma 1 gives W SB,∗(E) = 0, so no reimbursement scheme can deliver positive

welfare; each scheme secures zero, for instance by inducing no adoption through a contract the developer

declines, whence W ∗
QB =W ∗

BB = 0. Part (iv) is proved last.

Step 1 (E ≥ 0, any ρ≤ 2). Consider any BB contract (f,β). By Proposition 4, WBB(f,β) ≤W ∗
BB(E) =

max{0,4b2
1/(81c) + 2E/3,E}. The QB contract with γ = b1/2 and fQ large enough to ensure developer

participation and full-utilization-branch dominance induces a full-utilization equilibrium with q = b1/(4c) and

welfare WQB =E+b2
1/(16c). This exceeds each of {0,4b2

1/(81c)+2E/3,E} by E+b2
1/(16c), E/3+17b2

1/(1296c),

and b2
1/(16c), respectively, all strictly positive for E ≥ 0. Hence WQB >WBB(f,β) for every (f,β).

Step 2 (preliminaries). Suppose E ∈ (−2b2
1/27c,0). Then W ∗

BB = 4b2
1/(81c)+2E/3 by Proposition 4. The best

full-utilization quality-based welfare is E+b2
1/(16c); equating it to W ∗

BB gives the crossing E = −17b2
1/(432c) ≜

EF , so full-utilization quality-based beats benefit-based iff E >EF . We first prove an intermediate result. For

u∈ (2/3,1) define

t−(u)≜ 1 +u−
√

u(u+ 2), ρL(u)≜
2 −u

4u
, ρU (u)≜

2 −u

2 t−(u)
.

Lemma OA1. Let E < 0 with W SB,∗(E)> 0, and let uE ∈ (2/3,1) be the second-best treated fraction (the

larger root of u3 − 3u2 + 2u+ 4cE/b2
1 = 0). A quality-based contract whose developer equilibrium is interior

implements the second-best allocation
(

uE , q
SB
)

, with qSB = b1uE(2 −uE)/(4c), if and only if

ρL(uE) < ρ ≤ ρU (uE).

Proof: By the interior reparameterization in the proof of Proposition 6, an interior quality-based allocation at

treated fraction u and bonus ratio r = γ/(δb) has, with t≜ 1 + r− u, quality q = (δb/2c)ut and developer

profit Πint
QB = ((δb)2/4c)u2t (2u− t) (recall 3u− 1 − r= 2u− t). Matching q = qSB = b1u(2 −u)/(4c) at u= uE

yields t= tSB(uE) ≜ (2 − uE)/(2ρ). Hence γrep = δb (t+ uE − 1) = b1

2
(2 − uE) − δb(1 − uE) and the adjusted

fee is Arep = ((δb)2/2c)uEt (uE − t) =
b2

1

8c
uE(2 −uE)[(2ρ+ 1)uE − 2].
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It remains to characterize feasibility. Developer participation requires Πint
QB > 0, that is, t < 2uE ; with

t= tSB(uE) this is ρ > ρL(uE). Selection of the interior branch over full utilization requires Πint
QB ≥ Πfull

QB =

Arep + γ2/(4c); a direct computation gives

Πint
QB − Πfull

QB =
(δb)2

4c
(1 −uE)2

[

2(1 +uE)t− t2 − 1
]

,

which is nonnegative iff t2 − 2(1 +uE)t+ 1 ≤ 0, that is, t−(uE) ≤ t≤ t+(uE) with t±(u) = 1 +u±
√

u(u+ 2).

Since t+(uE)−2uE = 1−uE +
√

uE(uE + 2)> 0, participation (t < 2uE) guarantees t≤ t+(uE), so the binding

condition is t ≥ t−(uE), i.e. ρ ≤ ρU (uE). Conversely, when ρL(uE) < ρ ≤ ρU (uE) both conditions hold; at

ρ= ρU (uE) the developer is indifferent between branches and selects the interior one by the tie-breaking rule.

Finally, the induced allocation is unique: r is fixed by the contract, and by Proposition 5 the selected interior

cutoff is the unique root y of y− y3 =DQB on the participation/second-order range (where y 7→ y− y3 is

strictly increasing), so u= (1 + r)(1 + y)/2 is unique and equals uE . Q.E.D.

Step 2a (ρ≥ 1
2
). Consider the benefit-based knife edge u0 = 2/3, and set t0 = (2 −u0)/(2ρ) = 2/(3ρ); at that

point the QB quality is q = (δb/2c)u0t0 = 2b1/(9c) = q∗
BB so QB ties BB. We next check that this QB contract

meets feasibility constraints: t0 ≥ t−(2/3) = 1/3 holds because ρ ≤ 2 which ensures the interior solution

dominates the full utilization, and t0 ≤ 2u0 = 4/3 holds because ρ≥ 1
2

which guarantees developer participation.

Since t0 = tSB(2/3) is the QB welfare-maximizing t at u0, by the envelope theorem, ∂W int
QB(u, t0)/∂u|u=2/3

equals the slope of the welfare W (u) at u= 2/3 given in (OA1), that is, E+ 2b2
1/(27c), which is positive for

E >−2b2
1/(27c). Hence a feasible QB interior contract with u slightly above 2/3 strictly improves on W ∗

BB, so

W ∗
QB >W

∗
BB.

Step 2b (ρ̄ < ρ < 1
2
). For fixed u, W int

QB(u, ·) is concave in t with maximizer tSB(u) = (2 − u)/(2ρ), which

is participation-feasible (t < 2u) iff u > 2/(1 + 4ρ). For u≤ 2/(1 + 4ρ), the best feasible interior welfare is

the participation edge t= 2u, Hρ(u;E) =Eu+ (ρb2
1/2c)u

3[2 − (1 + 2ρ)u]. Writing e=Ec/b2
1, this edge beats

W ∗
BB iff e > ψρ(u) with ψρ(u) = {4/81 − (ρ/2)u3[2 − (1 + 2ρ)u]}/(u− 2/3), so the edge first reaches W ∗

BB at

ee(ρ) = minu∈(2/3, 2/(1+4ρ)]ψρ(u). Differentiation gives ψ′
ρ(u) =Qρ(u)/[18(3u− 2)2] with

Qρ(u) = 243ρ(1 + 2ρ)u4 − 108ρ(5 + 4ρ)u3 + 324ρu2 − 8.

Its endpoints satisfy Qρ(2/3) = −8(2ρ− 1)2 < 0 and

Qρ

(

2
1+4ρ

)

=
−8(2ρ− 1)2 (64ρ2 − 88ρ+ 1)

(1 + 4ρ)4
> 0,

the latter because 64ρ2 −88ρ+1< 0 on
(

11−3
√

13
16

, 11+3
√

13
16

)

≈ (0.011,1.364) ⊃ (ρ̄, 1
2
). Since Q′

ρ(u) = 324ρu(3u−
2)
[

(1 + 2ρ)u− 1
]

changes sign on (2/3, 2/(1 + 4ρ)) at most once (at u= 1/(1 + 2ρ), and only when ρ< 1/4),

Qρ is monotone increasing or first decreasing then increasing there; leaving 2/3 negative and reaching

2/(1 + 4ρ) positive, it has a unique root uc(ρ) ∈
(

2/3, 2/(1 + 4ρ)
)

, which by ψ′
ρ =Qρ/[18(3u− 2)2] is the

minimizer of ψρ. Since Hρ(u;E) −W ∗
BB = (b2

1/c)(u− 2/3)(e−ψρ(u)), we have ∂Hρ/∂u= (b2
1/c)(e−ψρ(u)) −

(b2
1/c)(u− 2/3)ψ′

ρ(u). Therefore, at uc, ∂Hρ/∂u= (b2
1/c)(e−ψρ(uc)). Setting this to zero implies e=ψρ(uc),

which gives Ee(ρ) (or equivalently, Ee(ρ) is the value of E such that ∂Hρ/∂u at u= uc, where ∂Hρ/∂u=

E+ (ρb2
1/c)u

2[3 − 2(1 + 2ρ)u]). For u> 2/(1 + 4ρ), where the second-best quality itself is feasible, plugging
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tSB(u) = (2 − u)/(2ρ) into W int
QB, we find QB beats BB iff e > ϕ(u) = {4/81 − u2(2 − u)2/16}/(u− 2/3) =

−u3/16 + 5u2/24 − u/9 − 2/27. We obtain ϕ′(u) = −(27u2 − 60u+ 16)/144> 0 on (2/3,1), so the earliest

crossing there is at u= 2/(1 + 4ρ), where the edge and second-best coincide; hence the interior crossing is

Ee(ρ). Combining with the full-branch crossing EF , benefit-based dominates iff E <Ec(ρ) = min{EF ,Ee(ρ)}.

Both optima are continuous in E (W ∗
BB is affine, and W ∗

QB is a maximum of welfare values continuous in E),

so the two optima coincide at E =Ec(ρ); for Ec(ρ)<E < 0 at least one of the two channels strictly exceeds

W ∗
BB, so quality-based payment strictly dominates.

Finally, Ee(ρ) is strictly decreasing in ρ on the edge domain (envelope theorem: ∂ψρ/∂ρ< 0 because ∂ψρ/∂ρ

has the sign of u− 2 + 4ρu< 0 for u< 2/(1 + 4ρ)), and we find numerically ρ0 ≈ 0.2306 solves Ee(ρ0) =EF ;

so Ec =EF (window unchanged) for ρ̄ < ρ≤ ρ0 and Ec =Ee <EF (strictly smaller window) for ρ0 < ρ< 1
2
.

At ρ= 1
2
, Q1/2(u) = (3u− 2)2(27u2 − 6u− 2) has u= 2/3 as a double root, so uc ↓ 2/3 and Ee ↓ −2b2

1/(27c):

the window closes, consistent with Step 2a.

Proof of part (iv). Lemma OA1 gives a necessary and sufficient interval of ρ for which QB attains the

SB for a given E < 0. This result seeks an iff condition on ρ that works for every E. For E < 0, on (2/3,1),

we thus seek the maximum value of the lower bound ρL(u) and the minimum value of the upper bound

ρU (u). We note ρL(u) = 1
2u

− 1
4

is strictly decreasing, with supu ρL(u) = ρL(2/3+) = 1
2

(not attained); since

the lower bound in Lemma OA1 is strict, ρ= 1
2

is feasible for every uE > 2/3. For the upper bound, write

ρU (u) = (2 − u)/(2s(u)) with s(u) = 1 + u−
√

u(u+ 2). Then signρ′
U (u) = − sign

[

s(u) + (2 − u)s′(u)
]

, and

s(u) + (2 −u)s′(u) has the sign of 3
√

u(u+ 2) − 3u− 2, which is positive iff 9u(u+ 2)> (3u+ 2)2, i.e. 6u> 4,

i.e. u> 2/3. Hence ρU is strictly decreasing on (2/3,1), with infu ρU (u) = ρU (1−) = 1/[2(2 −
√

3)] = (2 +
√

3)/2

(not attained), so ρ = (2 +
√

3)/2 is feasible for every uE < 1. Intersecting ρL(uE) < ρ ≤ ρU (uE) over all

uE ∈ (2/3,1) yields 1
2

≤ ρ≤ (2+
√

3)/2. For E ≥ 0 the full-utilization contract γ = b1/2 attains the second-best

for every ρ (Proposition 6 and Step 1), so those cases impose no further restriction. Finally, benefit-based

payment never attains the second-best when W SB,∗(E)> 0: by Proposition 4 its optimum operates at u= 2/3,

or at full utilization with q = 0, whereas the second-best allocation is unique with uSB > 2/3 and qSB > 0

(Lemma 1), so W ∗
BB <W

SB,∗. Q.E.D.

Appendix OA2: Supporting Results

Two results in this appendix support comparisons made in the main text. The first concerns the transfers

each value-based contract requires at a fixed allocation; the second concerns equilibrium quality under

fee-for-service relative to the first-best.

The next lemma shows that, under a condition, a quality-based contract can replicate the outcomes of

a benefit-based contract but with lower price and base fee. Although benefit-based and the replicating

quality-based are welfare-equivalent at the social level, the replicating quality-based contract achieves this

welfare with strictly smaller transfers from payer to provider (lower base fee fQ < fB) and from provider to

developer (lower per-use price pQ < pB), which may make it more acceptable to the payer in practice and less

susceptible to developer rent extraction.
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Lemma OA2. For a given (fB, β > 0) benefit-based payment scheme such that the equilibrium is an interior

solution with effort eB, cutoff xB
c , quality qB and price pB, the quality-based contract with γ = βbxB

c and

fQ = k− δ2
1θ

2/(2κ) + qB(δb(1 − 2xB
c ) − γ) reproduces the same effort, cutoff and quality with lower price and

base fee: eQ = eB; xQ
c = xB

c ; qQ = qB; pQ < pB; fQ < fB, as long as (i) fQ ≥ 0,

(ii) xB
c <

δ(
√

3 + 1)

β(
√

3 − 1) + 2δ
√

3
, and (iii) G(yQ)> 0,

where G(y) = (1 + r)3(1 − y2)[(1 + r)(1 + y)(1 + 3y) − 8y] − 16r2 and r= γ/(δb) and yQ = δb(1 − 2xB
c )/(δb+

γ) − r/(1 + r).

Proof. Both payment schemes give rise to the same provider’s effort level e= δ1θ/κ.

Let yB = 1 − 2xB
c . Let AQ = fQ −k+ δ2

1θ
2/(2κ), so AQ = qB(δb(1 − 2xB

c ) −γ) = qB(δbyB −γ). We will show

that the following solve the quality-based problem:

qQ =
AQ

δbyB − γ
, pQ =

(δb+ γ)qQ +AQ

2
.

It is immediate that the p-FOC is satisfied. Hence, we will show the q-FOC is satisfied, that is, the following

equality holds:

pQ(pQ −AQ) = 2cδb(qQ)3.

Note, per the interior equilibrium of the benefit-based payment described in Section 6.1, we have

qB =
AB

yB(δ+β)b
=

(δ+β)b(1 − (yB)2)

8c
, where AB = fB − k+

δ2
1θ

2

2κ
.

Hence, AQ = qB(δbyB − γ) = qBAQ/qQ. It follows that qQ = qB. Moreover, using the definition of pQ, then

AQ = qQ(δbyB − γ), then 2γ = βb(1 − yB), and finally 8cqB = (δ+β)b(1 − (yB)2) with qQ = qB,

pQ(pQ −AQ) =
(δb+ γ)2(qQ)2 − (AQ)2

4
=

(qQ)2(δb(1 + yB))(δb(1 − yB) + 2γ)

4

=
(qQ)2δb(1 − (yB)2)b(δ+β)

4
= 2cδb(qQ)3.

To verify that this is an interior solution to the quality-based problem, we need to check the constraints, the

second-order conditions, and the dominance over the full utilization.

qQ = qB > 0 since the BB solution is interior. To verify pQ − γqQ >AQ, we observe that

pQ − γqQ −AQ =
(δb− γ)qQ −AQ

2
=

(δb− γ)qQ − (δbyB − γ)qQ

2
=
δbqQ(1 − yB)

2
> 0.

To verify pQ − (γ+ δb)qQ <AQ, we observe that

pQ − (γ+ δb)qQ −AQ = − (δb+ γ)qQ +AQ

2
= − (δb+ γ)qQ + (δbyB − γ)qQ

2
= −δbqQ(1 + yB)

2
< 0.

To verify the second-order condition, we need to check −1/
√

3< yQ < 1/
√

3. Per Proposition 5, we have

qQ =
AQ

yQ(δb+ γ)
=
qB(δbyB − γ)

yQ(δb+ γ)
= qB so yQ =

δbyB − γ

δb+ γ
.

Since the benefit-based solution is interior, we have yB < 1/
√

3. Therefore, due to γ > 0, we have

yQ <
δb/

√
3 − γ

δb+ γ
<
δb/

√
3 + γ/

√
3

δb+ γ
=

1√
3
.
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When AQ > 0 (that is, δbyB >γ, or equivalently, δbyB >βb(1−yB)/2 which simplifies to yB >β/(2δ+β)), then

yQ > 0 so it is clear yQ >−1/
√

3. We now consider the alternative case of AQ < 0 (that is, yB <β/(2δ+β)).

Substituting γ = βb(1 − yB)/2 and clearing the positive denominator δb+ γ, the condition yQ > −1/
√

3

rearranges to

yQ >− 1√
3

⇔ yB >
β(

√
3 − 1) − 2δ

β(
√

3 − 1) + 2δ
√

3
≜ v.

It is straightforward to check v < β/(2δ+β), so the inequality is compatible with yB <β/(2δ+β). It is also

straightforward to check v >−1/
√

3. Hence, yB > v is satisfied iff v3 − v+DBB > 0, that is, DBB > v− v3

where

DBB =D(fB, δ1, δ+β) =
8c

(δ+β)2b2

(

fB − k+
δ2

1θ
2

2κ

)

.

Note that

yB > v⇔ xB
c <

1 − v

2
=

δ(
√

3 + 1)

β(
√

3 − 1) + 2δ
√

3
.

Condition G(yQ)> 0 ensures the dominance over the full-utilization case.

We now verify the properties on the cutoffs, prices and fees. Per Proposition 5, we have

xQ
c =

δb− γ− yQ(δb+ γ)

2δb
=
δb− γ− (δbyB − γ)

2δb
=
δb(1 − yB)

2δb
= xB

c .

Per the interior equilibrium of the benefit-based payment described in Section 6.1, we have

pB =
AB(1 + yB)

2yB
=

(1 + yB)qB(δ+β)b

2
because qB =

AB

yB(δ+β)b
.

pQ =
(δb+ γ)qQ +AQ

2
=

(δb+ γ)qQ + qQ(δbyB − γ)

2
=
δbqQ(1 + yB)

2
=

δpB

δ+β
< pB.

Furthermore,

fQ − fB = k− δ2
1θ

2

2κ
+ qB(δbyB − γ) −

(

AB + k− δ2
1θ

2

2κ

)

= qB(δbyB − γ) −AB

= qB(δbyB − γ) − qByBb(δ+β) = qB

(

δbyB −βb
1 − yB

2
− yBb(δ+β)

)

= −qBbβ(1 + yB)

2
< 0.

Q.E.D.

Supplementary figure. Figure OA1 accompanies the fee-for-service analysis: it shows when δb > (16/9)b1 the

fee-for-service quality can lie on either side of the first-best.

Appendix OA3: Parameter Calibration

This appendix grounds the model primitives in published clinical and cost data for TORS in early-stage,

intermediate-risk HPV-positive oropharyngeal squamous-cell carcinoma, where surgery enables de-escalation

of adjuvant (chemo)radiation. By “intermediate-risk,” we mean post-resection pathology (for example, close

margins or limited nodal involvement without major extranodal extension) for which guidelines permit

de-escalated adjuvant radiation rather than full-dose chemoradiation, as in the reduced-dose 50 Gy arm of

Ferris et al. (2022). We separate primitives that published data help calibrate (b1, b2, c, k) from those clinical



oa20 Adida and Dai: Provider Payment Models for Transformative Technologies in Healthcare

0.50 0.52 0.54 0.56 0.58 0.60 0.62 0.64
implementation cost k

0.45

0.46

0.47

0.48

0.49

0.50

0.51

eq
ui

lib
riu

m
 q

ua
lit

y 
q

FFS under-invests
in quality

FFS over-invests
in quality

first-best  qFB

fee-for-service  qFFS (f=0.145)

Figure OA1 Equilibrium quality at fee-for-service and at the first-best when the implementation cost k varies,

with (b1, b2, δ1, θ, κ, c) = (1, 0.9, 1, 1, 1, 0.5), so ρ = δb/b1 = 1.9.

data do not identify (the altruism weight δ1 and the effort parameters), which we fix by normalization and

vary across scenarios.

Data-grounded primitives. (i) Patient benefit b1. A cost-effectiveness microsimulation comparing TORS with

radiation for early-stage oropharyngeal cancer reports a lifetime gain of about 0.67 quality-adjusted life-years

(Rodin et al. 2017); at a willingness-to-pay of $100,000–150,000 per QALY this is roughly $67,000–100,000 per

patient. We take a deliberately conservative b1 ≈ $50,000 (range $25,000–100,000), reflecting that the value

here is de-escalation/toxicity avoidance rather than superiority over radiation: ECOG-ACRIN E3311 found

that a reduced post-surgery radiation dose (50 Gy rather than the standard 60) left 94.9% of patients free of

cancer progression at two years (Ferris et al. 2022), and the 2025 ASCO guideline frames TORS as enabling

de-escalation for HPV-mediated disease (Holsinger et al. 2025). The comparator is definitive (chemo)radiation,

the pre-TORS standard of care for this population, so the calibration values TORS against (chemo)radiation

and does not claim a comparison with open surgery. (ii) Provider operational benefit b2. De-escalation lowers

the provider’s downstream operational burden: fewer and shorter feeding-tube (gastrostomy) episodes and

less management of late chemoradiation toxicity. One-year and episode-level cost comparisons of transoral

surgery versus definitive (chemo)radiation place the avoidable treatment burden on the order of single-digit

thousands per patient (Sher et al. 2021; Waddle et al. 2021). These studies measure payer and health-system

costs rather than the provider’s private operational benefit, so we treat b2 ≈ $7,500 (range $4,000–10,000) as

a scenario value informed by that scale rather than one the data identify; it is an order of magnitude below

b1. (iii) Quality-cost coefficient c. The cost of sustaining quality (da Vinci capital amortization, the annual

service contract, and credentialing/training amortization) is volume-sensitive; reported capital is $1–2.5M per

system (Barbash and Glied 2010) with an annual service contract on the order of $175,000 (Canadian Agency

for Drugs and Technologies in Health 2011), which, amortized over a moderate-volume program together

with the documented credentialing/learning-curve investment (Albergotti et al. 2017), bound the relevant
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capital, service, and training inputs. They do not identify the coefficient in cq2 directly, so we use c≈ $15,000

as a scenario coefficient and vary it over $5,000–25,000; it is higher than in high-volume robotic specialties

because case volumes are lower. (iv) Implementation cost k. Per-case disposable instruments are not separately

reimbursed: UnitedHealthcare (2025) treats HCPCS code S2900 as integral to the primary procedure and

not separately reimbursable, so the robotic add-on is bundled into the primary-procedure payment and the

per-case instrument and disposable cost is borne by the provider. Childers and Maggard-Gibbons (2018)

estimate robotic instruments and accessories at $1,866 per procedure; we take k≈ $2,000 (range $1,500–3,000).

Thus b1 ≫ b2 (a ratio of roughly 6–7), and because b2 is small, the standing condition δb≤ 2b1 holds for all

δ1 ∈ [0,1]. Normalizing by b1 (b1 = 1 ≡ $50,000) gives b2 ≈ 0.15, c≈ 0.30, k≈ 0.04.

Scenario primitives. The altruism weight δ1 is not a clinical parameter per se; we use a base value δ1 = 0.5

and vary it over [0.05,1]. The effort cost and benefit coefficients enter welfare only through the composite

Θ ≜ θ2/(2κ) and through E = δ1(2 − δ1)Θ − k, so θ and κ are not separately identified. We adopt the

normalization eFB = θ/κ= 1 (hence θ= κ and Θ = θ/2), which fixes θ= κ= 2Θ. Clinical data do not identify

Θ, the dollar value of effort-attributable clinical improvement at full effort, so we set it as a scenario parameter

rather than calibrate it: the base value is Θ ≈ $12,000, about one-quarter of b1, with a range of $5,000–25,000.

The learning-curve and credentialing evidence motivates an effort margin without pinning down its magnitude:

surgeons reach proficiency in transoral robotic surgery only after roughly 20–30 cases (Albergotti et al.

2017), and the E3311 trial credentialed only 87 of 120 applicant surgeons (Ferris et al. 2020). We report Θ

(equivalently E) and vary it for robustness.

Regime. At the base case δb/b1 = δ1 +b2/b1 = 0.65 and E = 0.75 Θ−k > 0 (about $7,000 per patient). Because

0.65> ρ̄, the full-utilization exactness of Proposition 6 does not apply; but 0.65 lies in [ 1
2
, (2 +

√
3)/2], so by

Proposition 7 the quality-based optimum attains the second-best for every E, and dominates benefit-based

payment whenever E ≥ 0.

Appendix OA4: Reimbursement Expenditure

The welfare comparison of Figure 5 ranks the optimally designed schemes by the social welfare each delivers.

Because reimbursement is a transfer, it cancels from social welfare, so that comparison is silent on what

the payer pays. Figure OA2 reports the equilibrium reimbursement spending X∗ of the two value-based

schemes at the same calibration, as the implementation cost k varies. Where the optimal contract leaves

the base fee free above a threshold (Propositions 4 and 6), spending is evaluated at the least-expensive

welfare-maximizing contract, whose fee sits at that threshold. Quality-based payment delivers the higher

welfare (Figure 5) at spending strictly below benefit-based payment throughout the calibrated range: at

the base case it spends about 0.52 b1 against 0.76 b1 for benefit-based, roughly a 30% saving. The benefit-

based bonus, paid in proportion to realized complexity-weighted benefit, concentrates spending on the most

complex cases and inflates total spending; the quality-based bonus, paid uniformly per patient, secures the

higher-welfare allocation for less. Between the two value-based schemes, efficiency and expenditure do not

trade off: quality-based payment is at once more efficient and less costly to the payer, complementing the

replication-transfer comparison of Lemma OA2, which shows at a fixed allocation a quality-based contract
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uses strictly smaller transfers than its benefit-based counterpart. We retain the standard convention that

the payer maximizes social welfare; netting welfare against the reimbursement transfer is not a standard

welfare criterion, and the ranking of the two value-based schemes is unchanged under such a combined

patient-welfare-net-of-spending measure.
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Figure OA2 Payer spending under the optimally designed benefit-based and quality-based schemes as the per-

treated-patient implementation cost k varies, using the calibration in Table 1. Each scheme is

evaluated at its welfare-maximizing design for the corresponding value of k. The shaded region

indicates E < 0.

Appendix OA5: Two-Part Tariffs

Our main model restricts the developer to a per-use price, consistent with business practice: Intuitive’s

pay-per-use program charges hospitals per procedure (Intuitive Surgical Operations 2023a), sparing them

the roughly $1.5 million upfront cost of a system (Feldstein et al. 2019); product selling and pay-per-use

service are distinct commercial models with different efficiency properties (Ladas et al. 2022). Suppose instead

that the developer can charge a fixed fee p1 together with a per-use price p2, with the provider accepting

before Stage 2, so that p1 is sunk when the provider chooses whom to treat. Effort remains unobservable, so

e∗ = δ1θ/κ under any tariff.

The fixed fee lets the developer extract the provider’s operating surplus. Developer profit then equals the

developer–provider joint surplus, and the per-use price affects that surplus only through the cutoff it induces.

The developer therefore implements the allocation that maximizes joint surplus, and it does so at p2 = 0,

because a positive per-use price would raise the provider’s cutoff above the joint optimum. The optimal

two-part tariff is an upfront purchase.

Provider effort remains noncontractible, so equilibrium effort stays at e∗ = δ1θ/κ and no tariff restores the

first-best level when δ1 < 1. The second best remains the ceiling against which reimbursement is measured. The

tariff does not reach that ceiling either. Maximizing joint developer–provider surplus rewards the provider’s

operating benefit B2, which welfare excludes, and counts only the internalized shares δ1B1 and δ1θe of the

patient’s gains, which welfare counts in full. The two objectives coincide only when δ1 = 1 and b2 = 0.
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