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ABSTRACT

With the growing use of artificial intelligence (Al) in clinical decision-making,
concerns about algorithmic disparity—a single algorithm exhibiting unequal
accuracy across patient groups—have intensified. In response, the U.S. Centers
for Medicare and Medicaid Services (CMS) has introduced a liability rule that
penalizes healthcare providers whose reliance on disparate algorithms contributes
to erroneous clinical decisions. We examine how such liability considerations
reshape (i) an AI firm’s algorithm design decisions that drive group-specific
accuracy and (ii) a physician’s decisions to use Al in healthcare delivery. The
AT firm designs an algorithm for two patient groups, where improving accuracy
for the disadvantaged group is more costly. The physician (who remains the
accountable decision-maker) then decides whether to consult Al, weighing the
reduction in clinical uncertainty against expected liability exposure when Al errors
disproportionately affect the disadvantaged group. We find that the liability rule
can induce disparate use of Al: the physician may reduce Al use overall and, over
an intermediate range, rely on Al less for disadvantaged patients. This effect is
non-monotonic: as liability increases, the physician’s use of Al for disadvantaged
patients first declines, but then rises as the firm reallocates investment toward
reducing disparity or switches to an equal-accuracy design. Finally, mandating
equal algorithmic accuracy across patient groups can inadvertently harm both
groups, because a one-size-fits-all accuracy requirement can distort the firm’s
investment incentives and the physician’s equilibrium Al-use decisions.
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1. Introduction

Artificial intelligence (Al) is reshaping expert decision-making, yet most research treats the
two sides of the Al lifecycle separately. One strand asks how firms design algorithms under
technical and regulatory constraints (e.g., Diao et al. 2023, Israeli 2018, Iyer and Ke 2024);
another asks how human experts adopt, trust, or strategically act on algorithmic advice (e.g.,
Dai and Singh 2025, Dietvorst et al. 2018, McLaughlin and Spiess 2022). In practice, these
margins are jointly determined: the rules that govern how practitioners use Al feed back into
how firms build it. This interdependence is especially consequential when regulation targets
the point of use, while the performance disparities that trigger liability are shaped upstream
during design.

Clinical decision support offers a paradigmatic setting where this feedback loop is first-
order. While “clinical algorithms” once denoted transparent flow charts, advances in Al have
pushed the frontier toward high-performing but often opaque systems (Gottlieb 2024, Green
and Defoe 1978, Margolis 1983). As of early 2026, the U.S. Food and Drug Administration
(FDA) has authorized over 1,300 Al-based medical devices (FDA 2025). These Al tools
can improve screening, diagnosis, and treatment decisions (Leong et al. 2023, Rajpurkar
et al. 2022, Topol 2019), yet their diffusion into routine care remains uneven (Abramoff et al.
2024, Wu et al. 2023). A central barrier to adoption is the concern regarding algorithmic
disparity—systematic differences in predictive performance across protected groups—which
raises equity concerns and exposes clinicians and hospitals to significant legal risk (Mehrabi
et al. 2021, Obermeyer et al. 2019, 2021). Reflecting these concerns, the Centers for Medicare
& Medicaid Services (CMS) has extended Section 1557 nondiscrimination requirements to
clinical decision support tools under § 92.210. This rule prohibits discriminatory use and
explicitly requires covered entities to make reasonable efforts to identify and mitigate disparity,
thereby placing the burden of algorithmic accountability directly on providers (CMS 2022,
2024). Because most healthcare providers in the U.S. context are physicians, we use the
terms “physician” and “provider” interchangeably in the remainder of the paper.

Motivated by this policy shift, we study how deployment-facing nondiscrimination
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perform unevenly across patient groups. To isolate this mechanism, we abstract from broader
liability channels—most notably malpractice (Price et al. 2019)—and focus on the margin
where this regulation is most directly enforced: clinicians’ reliance on decision-support tools in
patient care. Our model links upstream technology design to downstream clinical delivery in a
two-stage structure. First, an Al firm chooses accuracy for two patient groups: an advantaged
group for whom performance gains are relatively inexpensive, and a disadvantaged group
for whom gains are costlier because of data sparsity and measurement frictions (Chen et al.
2018, Mehrabi et al. 2021). Second, the physician decides whether to use the tool in a given
case and, conditional on use, whether to follow its recommendation. This setup allows us to
study whether liability achieves its intended goal by inducing disparity-reducing investment,
or instead weakens adoption and shifts investment in ways that can leave disadvantaged
patients worse off.

We formalize this interaction as follows. When the algorithm is disparate, following an
incorrect recommendation for a disadvantaged patient creates a specific liability exposure;
when the algorithm is equal-accuracy, this disparity-contingent liability channel is removed.
The physician’s core trade-off is then clear: Al can reduce clinical uncertainty, but its use also
brings utilization costs and expected legal risk. This structure captures a central regulatory
tension: policies enforced at the point of use can feed back to the design stage, where disparity
itself is produced.

Our analysis yields three main results. First, liability tied to adverse outcomes from a
disparate Al tool can induce disparate use of Al. Even holding the algorithm’s accuracy fixed,
the physician consults Al for a narrower set of disadvantaged patients because expected legal
exposure acts like an additional shadow cost of reliance for that group. A policy designed to
shield disadvantaged patients from unequal algorithmic performance can thus end up limiting
their access to Al altogether.

Second, the effect of liability on Al use for disadvantaged patients is non-monotone.
For small increases in liability, the direct deterrence effect dominates and use declines. As
liability rises further, however, the firm responds endogenously by reallocating investment
toward disadvantaged-group accuracy and, beyond a threshold, by switching to an equal-
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restore utilization, or even increase it relative to intermediate-liability levels. This feedback
loop means that the same policy that suppresses downstream use at low levels can strengthen
upstream incentives to reduce disparity at higher levels.

Third, we show that mandating equal measured accuracy across groups does not
necessarily improve welfare and can, under plausible conditions, reduce welfare for both
groups. A one-size-fits-all accuracy requirement distorts the firm’s resource allocation
under asymmetric improvement costs: in many cases, it lowers advantaged-group accuracy
substantially while raising disadvantaged-group accuracy only modestly. When combined
with reimbursement structures that reward Al use, this shift can also alter clinical deployment
in ways that increase inappropriate use. Equalizing algorithmic performance and ensuring
appropriate clinical reliance are distinct policy objectives. Liability standards aimed at the
former may require complementary instruments—such as reimbursement design, utilization
guidelines, or monitoring rules—to achieve the latter.

Growing evidence shows that algorithmic performance can vary systematically across
groups in ways that materially affect care and outcomes (Abramoff et al. 2022a, Epstein
Becker & Green 2024, Goodman et al. 2023). For example, Obermeyer et al. (2019) show
that racial disparity in a widely used clinical risk algorithm led to fewer Black patients being
identified for additional care despite greater illness severity. Although addressing disparity
early in development is often more effective than retrofitting ex post (Gichoya et al. 2023), our
analysis shows that regulatory design remains crucial: the same legal objective can generate
very different equilibrium outcomes depending on how incentives are structured. We do not
argue against regulating algorithmic disparity; rather, we clarify the incentive trade-offs that
must be addressed if liability standards are to work as intended.

More broadly, this paper treats medical Al as an input to expert decision-making, not
a substitute for it. Even when Al is highly accurate, its deployment hinges on transparency,
accountability, and the incentives of the human expert in the loop. Regulations such as
CMS § 92.210 constrain reliance on disparate tools, implying that the welfare consequences
of AT design are filtered through downstream adoption decisions. Accordingly, our model
allows physicians to decide whether to use Al and, when they do, how much to rely on it; we
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deployment decisions feed back into design incentives under regulation.

2. Literature

Our work contributes to the expert service literature originating from Darby and Karni
(1973), who argue that credence-goods providers such as physicians may overprovide expert
services. A key theme in this literature is that liability shapes clinical behavior: empirical and
experimental evidence confirms that malpractice liability influences physician decision-making
(Currie and MacLeod 2008, Dulleck et al. 2011), and theoretical work shows that liability
can discipline providers much as reputational concerns do (Fong and Liu 2018) or induce
appropriate treatment choices (Chen et al. 2022)." The introduction of AI complicates this
picture. Dai and Singh (2025), for instance, explore physician behavior under emerging
liability frameworks but focus on malpractice liability and on liability from disregarding
an Al recommendation, without addressing the potential disparity of Al algorithms across
patient groups. Our paper is among the first to model Al-specific healthcare regulations and
analyze their impact on Al firms, physicians, and patients.

Our work also relates to the literature on the role of Al in medical decision-making. Using
AT to support clinical decisions connects to the literature on information acquisition. Prior
work has examined how people interact with algorithms, including algorithm preference and
algorithm aversion (e.g., Dietvorst et al. 2018, Tyer and Ke 2024, Leung et al. 2018, Mohammadi
et al. 2024). The literature has also attempted to identify the causes of overuse/over-adherence
of AT algorithms. McLaughlin and Spiess (2022) provide an explanation that Al altering
preferences can lead to over-adherence; for instance, a decision maker may view the algorithmic
recommendation as a default action. In terms of the cause of Al underuse, Dai and Singh
(2020) develop a signaling model to show highly skilled physicians may underutilize diagnostic
tests to signal their skills. Balakrishnan et al. (2022) show humans over-adhere to the
algorithm’s predictions when their private information not accessible by an algorithm is

valuable, and under-adhere to them otherwise. We differ from this stream by not directly

IThe related literature on liability in other domains, such as product safety (Guan et al. 2024, Iyer and
Singh 2018), offers valuable insights but does not directly apply to the expert-service context.



investigating the influence of human factors but examining the influence of potential liability.
By connecting both the upstream and downstream of medical Al, we show a physician may
underuse Al under relatively small liability, due to dominant liability concern, and overuse
AT under relatively large liability, due to its incentive for the upstream to invest in high
algorithmic accuracy.

Our work also contributes to the literature on disparate algorithm performance. Ex-
tensive research documents systematic differences in health and healthcare by race, gender,
age, and other characteristics (e.g., Heckler 1985, Nelson 2002). As predictive algorithms
diffuse across high-stakes domains, a central concern is that these tools can reproduce or
even widen such gaps when training data and prediction targets are misaligned with clinical
needs (e.g., Benjamin 2016, Gianfrancesco et al. 2018). For example, Obermeyer et al. (2019)
show that a widely used risk algorithm would identify fewer Black patients for additional
care despite greater illness severity, and Tipton et al. (2023) review evidence that standard
“fairness fixes” (such as omitting race) can improve parity along one dimension while worsening
broader health outcomes. Related work develops technical approaches to reducing disparate
performance—by changing objectives (Samorani et al. 2022), redefining targets (Obermeyer
et al. 2019), or incorporating group identity (Gillis et al. 2021)—and, in parallel, economic
models of algorithm design under data investment, disclosure, and fairness concerns (Diao
et al. 2023, Li and Li 2023). We add a complementary mechanism: deployment-facing
regulation can narrow measured performance gaps yet induce unequal use in equilibrium; put
differently, equalizing algorithmic accuracy need not equalize who benefits from Al

This paper also contributes to the economics and marketing literature on product
design under fairness/ethical or policy constraints (e.g., Diao et al. 2023, Israeli 2018, Iyer
and Ke 2024, Ke and Sudhir 2023). Similar to the studies on how marketing instruments
(e.g., incentives, pricing, trust signals) influence intermediary adoption of new technologies
(e.g., Lambrecht and Tucker 2024, Luo et al. 2019, Zimmermann et al. 2024), we study how
fairness constraints reshape physician—Al interaction and adoption. Relatedly, our paper
engages with the literature on the implications of algorithmic fairness. Corbett-Davies et al.
(2017) reveal a tension between improving public safety and satisfying prevailing notions

of algorithmic fairness when deciding whether to release pretrial defendants back into the



community. Shimao et al. (2022) show fair algorithms can lead to different equilibrium
behaviors among different groups of prediction subjects. Corbett-Davies and Goel (2018) find
equal opportunity and demographic parity may harm the protected group due to heterogeneity
across groups. Liu et al. (2018) show an overly aggressive fairness criterion may cause harm to
the protected group in the long term, because giving too many loans to people in a protected
group who cannot pay them back can hurt the group’s credit scores on average. Fu et al.
(2022) show fair algorithms that require impact parity can make everyone worse off, including
the protected group, because of the firm’s strategic behavior of underinvesting in learning.
Our mechanism is distinct: rather than relying on heterogeneity in patient characteristics
across groups, we show that mandating equal accuracy can harm disadvantaged patients
even when the two groups differ only in the cost of improving algorithmic performance. The
welfare loss arises from the physician’s dual objective of representing patients while also
pursuing Al reimbursement, which distorts usage decisions under a one-size-fits-all accuracy

constraint.

3. Model

Consider a physician who selects a treatment for a patient from two possible options, 77 and
T5. One option is appropriate for the patient and the other is inappropriate. The benefit
of the appropriate treatment for any patient is b, where b > 0, whereas the benefit of the
inappropriate treatment is 0.

To reflect the health disparities often observed across demographic groups (Obermeyer
et al. 2019), we consider two patient types, t € {z,y}. Type-x patients represent an
advantaged group, such as White patients, whereas type-y patients represent a disadvantaged
group, such as Black patients. Following the protected characteristics outlined in Section
1557 of the Affordable Care Act (CMS 2024), we assume a patient’s type, t, is observable.
For simplicity, we normalize the mass of type-x patients to one and that of type-y patients to
B, where 0 < g < 1, to capture that disadvantaged patients are often a minority group.

The physician holds a prior belief that treatment T is appropriate for a patient

with probability «, whereas treatment T5 is appropriate with probability 1 — «, where



a ~ U[0,1].2 We study the case of type-dependent priors in Section 6.3. We use a; to
denote the appropriate treatment for a type-t patient. The physician has access to an
Al-powered clinical algorithm (hereafter “Al”). The Al generates a treatment signal, which
the physician uses to update her belief about the appropriate treatment. We denote the
Al signal for a type-t patient by s; and define Al accuracy for type t as py, where t = z,y.
Specifically, Py := P(s; = Tilay = T1) = py and Pyy := P(sy = Talay = T1) = 1 —py.
Similarly, Py := P(sy = Tolay = Ta) = p¢ and Py = P(sy = Thlay = Ta) = 1 — py.
AT recommendations are informative but imperfect, i.e., 1/2 < p; < 1. The physician
observes the algorithm’s accuracy for each patient type, p;, through her clinical expertise and
experience with the tool. We call an algorithm equal-accuracy if p, = py, and in that case
we write the common accuracy as p (dropping the subscript ¢). An algorithm with p, > p,
delivers lower accuracy for type-y patients and is therefore disparate for type-y patients.
With the Al signal, the physician updates her belief about the appropriate treatment

using Bayes’ rule. The physician’s posterior belief that 77 is appropriate is

apt
api+ (1 —a)(1—p)’

1 _
Quz :=Plar = Thlse = Ta) = a1 —it() + (plt)— a)p’

Q1|1 = P(at = T1|8t = Tl) =

The physician believes T3 to be appropriate with the complementary probability, i.e., Qg 1=
Play = Talsy = T1) = 1 — Qi and Qqpp := Play = Ta|sy = Tz) = 1 — Qqo.

Consistent with the Section 1557 clinical algorithm provision (§ 92.210), we model
deployment-facing liability as follows. If the physician follows the signal of a disparate clinical
algorithm for a type-y patient and the resulting treatment is inappropriate, she faces a
liability cost ¢ (CMS 2022). This channel is specific to type-y patients in our setting; we
abstract from other sources of legal exposure (e.g., malpractice) to isolate the incentive effects
of the provision. Reflecting that the provision governs the use of decision-support tools and

applies to covered entities rather than to developers (Mello and Roberts 2024), we assign

2The assumption of type-independent priors helps isolate the incremental role of algorithmic disparity and
the specific anti-discrimination liability channel we study in this paper. Holding the physician’s priors the
same for both patient types ensures that any cross-group differences in outcomes in our analysis arise from
the AD’s differential accuracy and the physician’s endogenous Al-use decision under liability.



liability to the physician rather than to the AI firm. When the algorithm has equal accuracy
across patient types (pz = py), this disparity-triggered liability channel does not apply.

When the physician deploys the Al tool in a patient’s case, the patient incurs a cost
¢ > 0. We model ¢ as a reduced-form burden that can include out-of-pocket expenses as well
as non-monetary disutility—for example, psychological discomfort, perceived risk, or distrust
when an algorithm is involved in diagnosis or treatment (Longoni et al. 2019). Importantly,
¢ is not meant to give patients control over Al use: although opt-out is feasible in some
settings, clinical practice and accountability assign the deployment decision to the physician,
and we therefore assume the physician retains full discretion over whether to use the tool.

We also allow the physician to receive a per-use benefit » > 0 when she deploys the tool.
This term captures reimbursement for Al-assisted services—for example, payment pathways
enabled by Al-specific Current Procedural Terminology (CPT) codes and New Technology
Add-On Payments (NTAP)—as well as broader private returns from using Al (Parikh and
Helmchen 2022). Depending on the setting, r may also reflect reputational or professional
gains from being perceived as technologically capable or clinically sophisticated (Liaw et al.
2022, Schubert et al. 2025, Schuitmaker et al. 2025).3

When the physician decides whether and how to use Al, she cares about both the
patient’s health outcome (i.e., treatment benefit net of Al use cost) and her own nonclinical
objectives (i.e., revenue and liability). We assume the physician assigns a weight § > 0 to her
nonclinical objectives. A physician with § = 0 is altruistic and cares only about the patient’s
health outcome, whereas a physician with 6 > 0 is impurely altruistic and also cares about
her nonclinical objectives.

Next, we introduce a profit-maximizing firm that supplies an Al-powered clinical
algorithm with accuracy p; for patient type ¢t € {x,y}. Consistent with fee-for-service
arrangements in which Al use is reimbursed at predetermined rates, we assume the firm

receives a payment f each time the physician deploys the tool in a patient’s case (Abramoff

3 In the special case when 7 < 0, possibly due to a strong negative reputational effect of using Al, our
main results on the physician’s reduced Al use for disadvantaged patients, and the non-monotonic effect
of liability on the physician’s Al use for disadvantaged patients continue to hold. However, in this case,
disadvantaged patients are better off, whereas advantaged patients are worse off as a result of equal accuracy
mandate. Because the physician has no incentive to overuse Al in the r < 0 case, the disadvantaged patients
cannot be worse off.



et al. 2022b, 2024).* Achieving accuracy p; for type t entails a development cost ry(p; — %)2,
where k; > 0 is type-specific. To capture the limited availability and higher acquisition cost of
training data for disadvantaged patients, we assume r, < k. We focus on settings in which
the firm trains a new model on a fixed historical dataset, rather than incrementally updating
an existing system, and thus treat the cost coefficients as exogenous and independent of
downstream usage. The separable quadratic structure is a parsimonious way to capture the
practical fact that improving performance for a harder-to-predict subgroup typically requires
targeted effort (e.g., subgroup-specific tuning or additional data), even when the deployed
model is unified.

Given physician demand (d2, dyD) under a disparate design, the firm’s profit is

7 (pr,py) = (d + dE)f — (P — %)2 — ry(py — %)27 (1)

where dP and dyD denote the volumes of type-z and type-y cases in which the physician
deploys the tool (expressions are given in eq. (6)). When the firm supplies an equal-accuracy

design, p, = py = p, profit can be written as

T(p) = (d5 +d5) f — kalp—3)? = ky(p— 3)% (2)

where (d, d?]j) are the corresponding demands under equal accuracy, given in eq. (7).

We assume ¢ > 0r, which eliminates cases in which the Al firm develops an arbitrarily
bad algorithm, but the physician still uses Al for all patients. In other words, we do not
consider cases where the physician uses Al solely for private gain from reimbursement. In
addition, although parameters ¢, r, and f are likely interrelated in practice, they do not
reflect a direct transfer of funds. Instead, funds typically flow from patients and insurers
to providers (physician, hospital, or health system), who then pay Al firms. For clarity, we
summarize the meaning, examples, and how payment flows for parameters ¢, r, and f in

Table 1. To maintain tractability and focus on core strategic trade-offs, our baseline model

treats parameters ¢, r, and f as independent. Nonetheless, in Section 6.1, we explore an

4In a model extension presented in Section 6.1, we assume the Al firm sets a profit-maximizing price f
and find that all our main insights continue to hold qualitatively under the endogenous pricing assumption.



alternative model in which the patient’s Al use cost is the same as the firm’s price (¢ = f);

and we confirm that our main results remain robust under this specification.

Table 1: Meaning, Examples, and Payment Flow for Parameters ¢, f, and r

Meaning Example Payment Flow
c Patient’s cost Out-of-pocket expenses (copayments, Borne by patient
of Al use deductibles, coinsurance) or disutility
(distrust, privacy concerns)
r Provider’s per- Insurer reimbursement (e.g., CMS, Accrued by provider
use revenue private insurers) and reputational
benefit, if any, from Al use
f Al firm’s per- Payment from provider, hospital, or Provider — Al firm
use fee health system to Al firm for technol-

ogy use or licensing

Notes. The parameter ¢ captures both monetary costs (e.g., copayments) and non-monetary disutility borne
by the patient. The parameter r captures both financial reimbursement (e.g., CMS payments via CPT codes)
and non-monetary gains such as perceived competence or technological savviness. Only f represents a direct

inter-party transfer.

Next, we describe the patient’s expected utility. First, consider the case in which the
physician decides not to use Al. In this case, the physician follows her own prior belief to
treat the patient. Given the physician’s prior belief o of treatment 7T} being appropriate,
the patient’s expected utility from treatment 77 is ab, and from treatment T is (1 — «)b.
Now consider the case in which the physician uses Al. In this case, the patient incurs an
Al-use cost ¢. The patient’s expected benefit from treatment depends on the Al signal and
the physician’s treatment choice. Specifically, if the physician prescribes treatment 7T} after
observing signal T;, the patient’s expected benefit is (););b, where 7,7 € {1,2}. We assume
that the patient’s expected utility is determined by her realized health outcome and any
incurred cost. We do not include any gain from lawsuit payouts, so as to avoid unrealistic
scenarios in which the physician might intentionally harm the patient in order to generate a
financial transfer to the patient. The patient’s expected utility is summarized in Table 2.

We now describe the physician’s expected payoff from treating an individual patient.
If the physician uses Al, she receives a per-use benefit r and may face liability. For type-

y patients, liability arises only when the physician follows the Al recommendation and
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Table 2: The Patient’s Expected Utility When the Physician Uses Al

Physician’s decision
Al signal T 15
st=T1  Quu-b—c Qop-b—c
st=Ty Qua-b—c Qgp-b—c

that recommendation is incorrect. Accordingly, following signal T} leads to liability with
probability ()1, whereas following signal 75 leads to liability with probability Q2. The
physician values both the patient’s health outcome net of cost and her own non-clinical payoff,
placing weight ¢ on the latter. Table 2 summarizes the physician’s payoff, where 1;—, equals

1 if t = y and 0 otherwise.

Table 3: The Physician’s Expected Payoff When Treating an Individual Patient Using Al

Physician’s decision

AT signal T T5
St:Tl Q1|1'b—C+Q(T—Q2|1'1t:y£) Q2|1-b—c+97“
St:TQ Q1|2'b—C+QT Q2|2'b—0+9(7"—@1|2'1t:y€)

Figure 1 summarizes the timing. First, the Al firm chooses whether to offer a disparate
design or an equal-accuracy design and selects the corresponding accuracy level(s) p; for each
patient type. Second, the physician decides whether to use Al for a given patient. If she uses
AT, the algorithm generates a treatment signal and the physician then decides whether to
follow it; if she does not use Al, she selects treatment based only on her prior belief. Finally,
the patient’s health outcome is realized and provider liability is assessed under the clinical
algorithm provision. We solve the game by backward induction. Throughout, we assume

fB(b+6¢)*

Ry < §(2c—20r100) which ensures that, in equilibrium, the physician uses Al for a strictly

positive measure of type-y patients (i.e., dyD* > 0).
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Al firm decides whether to
develop a biased algorithm

and sets algorithmic Physician makes
accuracy p, treatment decision
| >
I ! g
Physician decides whether Payoffs are realized
to use Al

Figure 1: Timing of the Game

4. Analysis

In this section, we first analyze in Section 4.1 the physician’s decision of whether and how to
use Al, taking Al accuracy as given. We then analyze in Section 4.2 how the Al firm chooses

Al accuracy.

4.1 Downstream Implications

We analyze the physician’s decision of whether to use a disparate Al algorithm with p, >
py > 1/2 for type-z and type-y patients. Note that the analysis of the physician’s decision
to use an equal-accuracy algorithm (p, = py > 1/2) is analogous to the analysis for type-z
patients under a disparate algorithm.

If the physician does not use Al, then by comparing the physician’s payoff by prescribing
treatment 7 (i.e., ab) and T5 (i.e., (1 — a)b), we know that the physician prescribes treatment
Ty if a > 1/2 and prescribes treatment T if & < 1/2. We can summarize the physician’s

expected payoff when she does not use Al as follows:

(1—a)b, ifa<1/2
U= (3)

ab, if o >1/2.

Now suppose the physician uses Al. In this case, the probability of Al signal suggesting
treatment 77 is P(s; = T1) = - pr + (1 —a) - (1 — p¢) and treatment Ty is P(s; = Ta) =

a-(1—pt)+ (1 —a)-p. Next, we analyze the physician’s decision of whether to use Al
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4.1.1 Type-x Patient

Suppose the physician consults Al for a type-x patient. If the signal is s, = 717, she compares
the payoffs from prescribing 77 and T3, namely Q)b — ¢+ 6r and Q210 — ¢+ 0r (see Table 2).
She therefore prescribes 77 if and only if « > 1 — p,, and prescribes T» otherwise. If the
signal is s; = Ty, she compares Q120 — ¢+ 0r and Q920 — ¢ + 0r, and prescribes T if and
only if a > p;, and T, otherwise. Because 1/2 < p, < 1, we have 1 — p, < pz, so the prior
space is partitioned into three regions. The physician’s expected payoff from Al use for a

type-x patient is

P(sz = T1)Qopb+P(sz = Ta)Qopb—c+0r, if a<1—py,

Ur = {P(sy = T1)Q11b+ P(se = T2)Qopeb —c+0r, if 1—p, < a < py, (4)

P(Sm = Tl)Q1|1b + P(Sm = TQ)Q1|2b —c—+ HT, if o > Px-

Next, we present the physician’s decision of whether and how to use Al for type-x
patients. A comparison of the physician’s expected payoff when using Al and not using Al

for type-x patients reveals the following lemma. (All proofs are in the Appendix.)

Lemma 1. For type-x patients, the physician uses Al if and only if

(1—px)l;)+c—9r s pwb—bc+07“.

Conditional on using Al, the physician follows the Al signal.

The physician’s prior belief o represents the probability that treatment 77 is appropriate
before observing any Al recommendation. Without AI, the physician follows this prior and
prescribes T7 when a > 1/2. When Al is used, the physician updates her belief using Bayes’
rule, and the AI’s signal shifts her posterior toward or away from 77 depending on its accuracy
pz- The use of Al creates value only when its signal can potentially change the physician’s
treatment decision.

Intuitively, when « is very low, the physician already believes T5 is likely appropriate,
and AT’s informational value cannot justify the additional patient cost c. When « is very

high, the physician is confident in 77 and does not expect Al to improve her decision. Only
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when « lies in the intermediate range does Al meaningfully reduce uncertainty, making its use
optimal. Moreover, since Al is informative (1/2 < p, < 1), whenever the physician chooses

to use it, she rationally follows its recommendation.

4.1.2 Type-y Patient

Now suppose the physician uses Al to generate the signal for a type-y patient. If the Al
signal is 17, the physician compares her payoffs from prescribing treatments 77 and 715,
which are Qq)1 - b — Qg - 0¢ — ¢+ 0r and Qg - b — ¢+ 0r (see Table 2), respectively, and
(L—py)(b+06¢) : (L—py)(b+0¢)
W and treatment T2 if a S m
if the AI signal is T3, by comparing her payoffs from prescribing treatments 77 and 75,

prescribes treatment 77 if a > However,

which are Qq3-b—c+0r and Qa9 - b — Q2 - 00 — ¢+ Or (see Table 2), respectively, the
bp . bp

WM and treatment T2 if o S W%yw

Given the assumption that the physician uses Al for at least some type-y patients, we have

physician prescribes treatment 77 if o >

b+2c+2600—20r s b+2¢+2600—20r b+6¢ - b+6/¢
Py > T opisar In addition, because 1207 > oprap it follows that p, > 2707 It

% < % < ﬁypy)%. Therefore, if the physician uses Al for

a type-y patient, her expected payoff is given by

is straightforward that

. —py) (b+0¢
Plsy =T1) Qap - b+Plsy =Tz) - (Qaa-b— Qup0¢) — ¢ + b, if a < 7(;53%%)
_ e (1=py) (b+0¢ b
Uy =\ P(sy=T1) (Qu1-b—Qopn) +P(sy =T2) - (Qa2-b— Qu20) —c+0r, if % <as< b_;,_(lfl;,y)gg
P(Sy = Tl) . (Q1|1 -b— Q2‘10€) + P(Sy = TQ) . Q1|2 -b— c—+ 97’, otherwise.

(5)

The following lemma describes the physician’s decision of whether to use Al for type-y

patients.
Lemma 2. For type-y patients, the physician uses Al if and only if

(1—py)(b+bé’£)+c—6’r e pyb—(l—ply))é’ﬁ—c—l—&"'

Conditional on using Al, the physician follows the Al signal.
As in the type-x case, the physician uses Al for type-y patients only when the in-
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formational value of consultation is sufficiently high. Equivalently, Al use occurs over an
intermediate range of o, where clinical uncertainty about the appropriate treatment is greatest.
For an existing algorithm (i.e., exogenous py), the liability rule unambiguously makes Al less
attractive for type-y patients. Holding p, fixed, an increase in liability ¢ contracts the set of
priors for which Al is used.

Because liability is triggered when a physician follows an erroneous recommendation
from a disparate algorithm in type-y cases, one might expect strategic rejection of Al advice.
Our model shows otherwise: conditional on consulting Al, the physician optimally follows the
signal. The intuition is straightforward. If she consults Al but ignores the signal regardless
of its realization, she incurs the consultation cost ¢ without obtaining informational benefit;
with ¢ > 6r, she is strictly better off not consulting at all. If she follows only when the signal
is 11 (or only when it is T3), her behavior is equivalent to always choosing 77 (or always
choosing 1), which is again weakly dominated by making that fixed treatment choice without
Al Hence, when the physician uses Al for type-y patients, she follows the Al signal.

Next, we examine how the regulation affects the physician’s relative use of Al for type-x
and type-y patients. Comparing the physician’s Al-use decisions in Lemmas 1 and 2 yields

the following result.

Proposition 1. In the presence of liability, the physician is (weakly) less likely to use Al for
type-y patients than for type-xr patients.

Under the CMS clinical algorithm provision, a physician is exposed to liability when
her reliance on a disparate Al tool leads to an inappropriate treatment for a type-y patient.
This liability functions as an added expected cost of Al use for type-y cases, making adoption
and reliance more selective for that group—even when the same tool is available for type-x
patients. By contrast, type-x cases do not activate this liability channel, therefore Al use for
type-x patients is governed only by the accuracy—cost—incentive trade-off in Lemma 1. The
resulting asymmetry in expected liability generates unequal utilization in equilibrium, with

lower AI use among disadvantaged patients—the very group the policy is intended to protect.
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4.2 Upstream Al Firm’s Accuracy Decision

Anticipating the physician’s downstream use of the algorithm, the AI firm chooses whether
to offer a disparate design or an equal-accuracy design, and selects the associated accuracy
levels p; for each patient type. By Lemmas 1 and 2, under a disparate algorithm, the volumes

of type-z and type-y patients for whom the physician uses Al are

D — (2p4 — 1)b—2¢c+ 20r

(2py —1)b—2(1 — py)0L — 2¢ + 20r

and dyD =0 2 (6)

Here 0 < B < 1 scales the mass of type-y patients relative to type-z patients, and the
superscript D denotes the disparate design. The firm then chooses (pg, py) to maximize
expected profit in eq. (1).

Next, consider the equal-accuracy design, under which the algorithm attains the same
accuracy for both patient types, p, = p, = p. The resulting volumes of Al use for type-z
and type-y patients are

g (2p—=1)b—2c+ 20r
dE = .

2p—1)b— 2+ 20
and ¢ = 5. 2P )l)c+ 3 (7)

where the superscript E denotes the equal-accuracy design. The firm then chooses p to
maximize expected profit in eq. (2).

For ease of presentation, we define a threshold ¢ such that the Al firm’s expected profit
for a disparate algorithm (which is strictly decreasing in ¢) is higher for ¢ < {. Otherwise,
the Al firm develops an equal-accuracy algorithm in equilibrium. The following proposition

presents the equilibrium Al accuracy set by the firm.

by (2¢—20r4-0¢) [k bry Kz+hy
soranr — < <min{% seren s 3tms)

the physician uses Al for at least some type-y patients and that py, py, p* < 1. Then:

Proposition 2. Suppose }, which ensures that

(a) if ¢ < U, the Al firm supplies a disparate algorithm with p’ = %—1— % and p, =
b+-6¢
%4-75]8%% ), and py > py;

(1+8)f

Kzt+Ky *

(b) if € > I, the Al firm supplies an equal-accuracy algorithm with p* = % +

Recall that the Al firm earns a per-use fee f whenever the physician consults Al and
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incurs cost ¢ (pr — %)2 to deliver accuracy p; for type-t patients. Because improving accuracy
for type-y patients is more costly (k, > k;) and demand from that segment is smaller (5 < 1),
the firm optimally allocates more performance to type-r patients in the disparate regime, so
Pz > Py

As liability ¢ rises, physician demand for Al in type-y cases becomes more sensitive to
expected legal exposure, reducing the profitability of a disparate design. Once ¢ exceeds 7, the
firm optimally switches to an equal-accuracy design, which removes the disparity-triggered
liability channel and helps preserve overall use. Although pj, increases with ¢ within the
disparate regime, it does not overtake p; before that point, the firm prefers to switch to an
equal-accuracy design.

Proposition 2 highlights a key trade-off: stronger liability pushes design toward fairness,
but potentially at the cost of aggregate efficiency in accuracy investment. Weak liability
sustains a profit-driven disparate design, whereas strong liability induces convergence to equal

accuracy.

5. Managerial and Policy Insights

We now examine how the liability rule influences Al-use disparity, appropriate Al use, and

patient welfare.

5.1 AI-Use Disparity

Absent differential costs or constraints, one would expect physicians to rely on Al at similar
rates across patient types. In practice, however, Al use can differ systematically across groups.
We refer to such differences as Al-use disparity—the gap between the share of type-z cases

and the share of type-y cases in which the physician uses Al.

Proposition 3. There are parameter values for which type-y Al use is non-monotone in

liability: as ¢ increases, the physician uses Al for fewer type-y patients when £ < W%é?f),

but for more type-y patients when £ > %,

Since CMS solicited comments on the proposed Section 1557 clinical algorithm provision
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in August 2022, a recurring concern has been that an increase in liability ¢ could induce
physicians to pull back from clinical algorithms and thereby widen disparities in care (see,
e.g., Goodman et al. 2023). Proposition 3 sharpens this point: an increase in liability ¢ can
either exacerbate or mitigate Al-use disparity, depending on its level. The mechanism is
a tug-of-war between two forces. Downstream, higher liability discourages physician’s Al
use for type-y patients by directly raising the physician’s expected liability cost. Upstream,
higher liability increases the firm’s incentive to improve accuracy for type-y patients, which
makes Al more attractive to the physician and can offset (or reverse) the deterrence effect.

When liability ¢ is small, an increase in its level causes a limited reduction in the
physician’s Al use for type-y patients. In this case, the firm has a small incentive to invest in
type-y accuracy. Therefore, the direct deterrence channel dominates, and physician’s Al use
for type-y patients falls as ¢ rises, thus amplifying the Al-use disparity. When liability ¢ is
large, the contraction in the physician’s Al use for type-y patients becomes salient for the
firm, prompting greater investment in type-y accuracy. Because a higher accuracy reduces
the likelihood of inappropriate treatment and therefore reduces the physician’s expected
liability cost, the physician’s Al use for type-y patients can increase as ¢ rises, narrowing

Al-use disparity.

5.2 (In)Appropriate AI Use

Consider an altruistic physician whose only concern is a patient’s health outcome and costs
(i.e., @ = 0). From eq. (4), the expected payoff of an altruistic physician who uses Al for an

individual type-t patient is given as follows:

P(st =T1) Qa1 b+ P(st =T2) - Qapp-b—c, ifa<l—p
Ual_

!
)

st =T1) Qi1 -b+P(st =T2) Qap-b—c, ifl—p<a<p (8)

P(st =T1) Qi1 -b+P(st =T2) - Qq2-b—c, otherwise

A comparison of the altruistic physician’s expected payoffs from following and disregarding

ATD’s recommendation leads to the following lemma.
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Lemma 3. Suppose ¢ < (py — %)b fort € {x,y}. For type-t patients, an altruistic physician

uses Al if and only if
1—pt)b b—
( P2)+C<Oé<ﬂtb0

Conditional on using Al, the physician follows the Al signal.

We define a physician’s Al use for a specific patient type t as appropriate if it matches
the behavior of an altruistic physician (with # = 0). If the physician uses Al for more patients
than an altruistic physician would, we refer to this as overuse of Al; if the physician uses Al
for fewer patients, we refer to it as underuse of Al. The following proposition compares Al

use under the two physician types.

Proposition 4. (a) When the Al firm supplies an equal-accuracy algorithm, the physician
may overuse Al for both patient types.

(b) If% — %’;%) = 7, then p;, = 1 — % and the physician uses Al appropriately for type-y
f

patients. In this case, p) = % + and the physician overuses Al for type-x patients.

(c) As liability ¢ increases from a low level, the physician’s Al use for type-y patients can
be non-monotone: she may overuse Al for small £, underuse Al for intermediate ¢, and

overuse Al again for large (.

Proposition 4(a) highlights a basic tension. An equal-accuracy design removes the
type-y-specific liability channel in our setup, but it does not remove the physician’s private
incentive to use the tool when use is rewarded. When reimbursement r remains in place,
the physician’s marginal calculus can tilt toward reliance even when Al is not clinically
warranted, leading to overuse for both patient types. The broader point is that equalizing
algorithmic performance does not, by itself, align deployment incentives; if liability no longer
disciplines use under equal accuracy, reimbursement can become the dominant force shaping
utilization. This suggests a role for complementary instruments that better tie payment and
accountability to clinical value.

Proposition 4(b) shows that appropriate use for disadvantaged patients can arise even
when the supplied algorithm has unequal accuracy across groups, provided reimbursement

exactly offsets the physician’s expected liability exposure from relying on Al in type-y
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cases. The margin condition is r = (1 — pZ)K. Using the equilibrium expression for pj,
Bf(b+00)

this is equivalent to 7 = % BT which characterizes the combinations of liability and
reimbursement that restore appropriate use for type-y patients.

We illustrate Proposition 4(c) in Figure 2. The solid lines plot the belief cutoffs in
a that delimit when the physician uses Al for type-y patients; the dashed lines report the
corresponding cutoffs for an altruistic physician (f = 0). As liability ¢ rises, equilibrium
use for type-y patients can be non-monotone: overuse at low ¢, underuse at intermediate
¢, and overuse again when ¢ is large. This pattern contrasts with the view that liability
primarily discourages reliance and leads clinicians to abandon Al (see, e.g., Goodman et al.
2023). The mechanism is a shifting balance between downstream deterrence and upstream
design responses. For small ¢, reimbursement dominates expected liability, so the physician
relies on the tool too often. For intermediate ¢, liability becomes first-order and suppresses
reliance, generating underuse. For sufficiently large ¢, the firm is induced to supply an
equal-accuracy design, which relaxes the liability channel for type-y patients and restores
the reimbursement-driven incentive to use Al, again producing overuse. Notably, in the
low-¢ region where the physician overuses a disparate tool for type-y patients, increasing
¢ can widen utilization differences across patient types even as the policy is intended to
protect the disadvantaged group. The lesson is that equalizing measured performance is not

an appropriate-use guarantee; policy must also address the incentives governing clinicians’

reliance decisions.

5.3 Effect of Mandating Equal Accuracy

Recent policy initiatives have placed growing weight on eliminating performance differences
across protected groups (e.g., White House 2023). In our setting, however, requiring equal
accuracy across patient types is not innocuous: it reshapes both the firm’s investment
incentives and physicians’ deployment incentives, with direct consequences for patient welfare.
This section therefore asks a simple question: holding fixed the liability framework, what are
the welfare effects of imposing an equal-accuracy requirement?

We consider two policy routes to equal accuracy. The first is a direct mandate that forces

equal accuracy in cases where the firm would otherwise choose a disparate design. The second
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Figure 2: Al use for type-y patients: for a given ¢, the physician uses Al when « lies between the cutoffs.
Dashed lines correspond to an altruistic physician (6 = 0); solid lines correspond to an impurely altruistic
physician.

is an indirect approach that raises physician liability so that the firm endogenously prefers an
equal-accuracy design. Because liability does not affect the firm’s accuracy choice conditional
on an equal-accuracy design, these two routes deliver the same equilibrium accuracy and thus
the same expected patient welfare. It is therefore without loss to focus on the direct mandate
and characterize how imposing equal accuracy changes equilibrium accuracy and welfare.

Let W (p3) and W, (p;) denote expected welfare for type-r and type-y patients, re-
spectively, under the disparate design evaluated at the firm’s optimal accuracies (p, pz’j)
Let p™ denote the accuracy level chosen under an equal-accuracy requirement, even in cases
where the firm would otherwise prefer a disparate design. Define W, (p"™) and W, (p™) as
the corresponding welfare levels under the equal-accuracy design. Closed-form expressions
for Wx(p3), Wy(p;), Wa(p™), and Wy (p™) are provided in the proof of Proposition 5. For
ease of exposition, we define a threshold f by the indifference condition W, (p™) = W, (p;)
evaluated at f = f.

Proposition 5. When equal accuracy is mandated:
(a) The optimal Al accuracy satisfies py < p™ < py.

(b) The expected patient surplus remains unchanged for both type-xr and type-y patients when
the physician is fairly certain about the appropriate treatment (i.e., when « is close to

0 or 1). It worsens (improves) for type-x (type-y) patients when the physician is highly
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uncertain (i.e., when a is close to the middle). Otherwise, i.e., when the uncertainty is

moderate, type-x (type-y) patients are better (worse) off.”

(c¢) When ( is small and B is large, mandating equal accuracy yields three regimes. If

e st foetnd g W, () S W (5t) white Wy(5™) < Wlsy). 1 > .

then Wy (p™) < Wa(py) while Wy(p™) > Wy(pj,). Finally, if CJ%‘%\/ ”z(”g+“y) < f<
f, then both types are worse off under the mandate, i.e., Wp(p™) < Wa(p%) and
Wy(p™) < Wy(py).°

Proposition 5(a) shows that imposing an equal-accuracy requirement reshuffles per-
formance across groups: relative to the firm’s preferred disparate design, accuracy falls for
type-z patients (so p™ < p;) and rises for type-y patients (so p™ > py). A natural first
reaction is therefore “type-y gains, type-z loses.” Proposition 5(b) cautions against that
conclusion. Whether a given patient benefits depends not only on accuracy but also on how
the requirement changes the physician’s use of Al along the margin.

The mechanism works through utilization. By raising accuracy for type-y patients and
lowering it for type-z patients, the equal-accuracy requirement expands Al use for some
type-y patients and contracts Al use for some type-x patients. For the newly treated type-y
margin, welfare can fall when physician uncertainty is moderate: the incremental health
improvement from relying on Al is then small, while the fixed cost of using Al, ¢, is paid
whenever the physician deploys the tool. For the dropped type-x margin, welfare can rise for
the symmetric reason: these patients forgo a modest accuracy benefit but avoid incurring the
cost ¢. In short, an equal-accuracy requirement can move patients onto (or off) Al precisely
where the accuracy gains are too small (or too large) relative to the use cost.

Having established that welfare can move in either direction at the utilization margin,
we turn to aggregate welfare by patient type. Proposition 5(c) shows that when ¢ is small and
B is large, an equal-accuracy requirement can reduce aggregate welfare for both groups when

the per-use payment f lies in an intermediate range. Two forces drive this outcome. First,

5The expressions for thresholds (which are different for type-z and type-y patients) that specify the
range of « in which patient welfare improves, worsens, and remains unchanged are provided in the proof of
Proposition 5.

6Comparisons of patient welfare over a wider range of (8,4, f) are provided in Section OA1 of the Online
Appendix.
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the accuracy adjustment required to equalize performance is inherently asymmetric: because
improving type-y accuracy is more expensive, parity is achieved primarily by cutting type-z
accuracy, so p, — p"™ > p"™ — py. Second, the requirement shifts utilization incentives. For
type-y patients, higher accuracy raises welfare directly but also expands Al use, which can
push deployment beyond the clinical margin; both effects strengthen with f, and the overuse
channel can dominate when f is moderate. For type-z patients, reduced use can mitigate
overuse, but the loss from lower accuracy becomes increasingly important as f induces larger
cuts. When f is neither too small to matter nor large enough to generate substantial type-y
accuracy gains, the combination of a sizeable decline in type-x accuracy and expanded (and
potentially excessive) use for type-y patients can leave both groups worse off.

When f is sufficiently large, the balance shifts. The equal-accuracy requirement then
induces a substantial reallocation of accuracy from type-z to type-y, yielding the intuitive
aggregate ordering: Wi (p™) < Wi(ps) while W, (p™) > W, (p;). At the same time, as
Proposition 5(b) emphasizes, these aggregate comparisons can mask heterogeneity: some
type-y patients can still be worse off under the requirement because expanded reliance on Al
occurs precisely where the clinical gains are small relative to the use cost.

Finally, when f is sufficiently small, welfare differences are driven less by accuracy
and more by utilization. In this region, both gaps p; — p" and p™ — p; are small, so the
equal-accuracy requirement mainly shifts the frequency of use: it reduces Al use for type-z
patients and increases it for type-y patients. Type-x patients can therefore benefit from fewer
exposures to a low-accuracy tool on the margin, while type-y patients can be harmed because
the increase in use is not accompanied by a commensurate improvement in accuracy. In this

case, it is possible to have W, (p™) > Wy (p;) yet Wy (™) < Wy (py)-

6. Model Extensions

In this section, we present three extensions to our base model. In the first extension, the
Al firm also chooses the per-use price in addition to the two accuracy levels. In the second
extension, we explore the liability level that maximizes aggregate patient welfare. Finally, we

consider patient-type-dependent priors for the physician. Proofs of the results in this section
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are in the Online Appendix (Sections OA2, OA3, and OA4).

6.1 AI Firm’s Pricing Decision

This section endogenizes the per-use fee f in an extension in which patients pay for Al directly,
so ¢ = f. This structure captures emerging usage-based arrangements in which providers
charge an out-of-pocket fee for Al-enhanced services. For example, RadNet (a large diagnostic
imaging company) charges patients a $60 fee for an AT mammography read (Cheatham 2024).
The timing parallels the baseline model: the firm first chooses accuracy levels; it then sets
the fee f; the physician observes (pz, py, f) when deciding whether to use Al for a given
patient. All other assumptions are unchanged. We summarize the core implications here and
defer the technical derivations and additional comparative-statics details to Section OA2 of

the Online Appendix.

Proposition 6. Let (T denote the design-switch cutoff at which the firm is indifferent between

supplying a disparate design and an equal-accuracy design. Define
D(0) := 2b° (52@ + my) - 4%((5 + 1)k, — 6296) + 282k, 0202

(a) If £ < 01, the firm chooses a disparate design with

« 1 bryO(BL—2(8+1)r)
Pr =5 D(0) ,
.1 Brab(b+00) (B0 —2(8 +1)r)
Py = 2 + D(0) )
D brgryd (BC—2(6+1)r)
1= D)

Moreover, py > py,, and there are parameter values for which both fP and p% are non-monotone
inl.

(b) If ¢ > 0%, the firm supplies an equal-accuracy design with

(Kz + Ky)Or
2k +ry) —0(B41)

gLty (B+1)or

E _
2 3 ) —b(FT) =
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A key implication of Proposition 6 is that endogenizing the per-use fee can make both
price and utilization respond non-monotonically to liability. When ¢ rises from a low level,
expected utilization among type-y patients falls, weakening marginal demand; the firm then
finds it profitable to cut the fee and to reallocate investment toward improving pj, in order to
sustain type-y uptake. The lower fee, in turn, expands type-z usage, which allows the firm to
economize on p; while maintaining adoption. As ¢ becomes larger, however, the return to
improving type-y accuracy strengthens and type-y utilization rebounds; the firm can then
raise the fee, which dampens type-r demand and makes it attractive to increase p} to restore
type-z uptake.

We also find that, within the disparate-design regime, there are parameter values for
which type-y utilization is non-monotonic in ¢: it decreases when /¢ is below a threshold, but
increases once ¢ exceeds that threshold. Thus, the non-monotonicity in Al use for type-y
patients persists even when the firm endogenizes the per-use fee f and patients bear that fee,
so that ¢ = f. As in the main model, an equal-accuracy requirement can still reduce welfare
for both patient types when the Al firm endogenizes the per-use price.

Next, we highlight two additional insights from the model with endogenous pricing.
First, when the AT firm endogenously chooses its per-use price f, the equilibrium in which
only type-x patients are served, which arises when /¢ is large and [ is moderate, no longer
occurs. Instead, both patient types are served, and an equal-accuracy Al outcome can be
sustained. As a result, both the firm’s revenue and Al equity improve. The additional pricing
instrument allows the firm to profitably serve some type-y patients while preserving revenue
from type-z patients through the joint choice of price and accuracy. Moreover, equal-accuracy
Al becomes easier to sustain profitably because it mitigates the physician’s liability concerns,
encourages greater Al use, and allows the firm to further expand utilization through pricing.

Second, when f is endogenous, the welfare of type-x patients is also affected by liability.
In particular, when liability is low, mandating equal accuracy can reduce type-z patients’
welfare relative to the case with exogenous f. The reason is that, when liability is low,
the equilibrium accuracy for type-x patients can be high; see Proposition 6. In that case,
an equal-accuracy requirement may substantially reduce type-x accuracy, thereby lowering

type-x welfare.
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6.2 Aggregate-Welfare-Maximizing Liability

This subsection studies how the liability level ¢ should be set to maximize aggregate expected
welfare. Two features of the model make the problem unusually sharp. First, holding the
firm’s Al design fixed, expected total welfare for type-z patients under a disparate design
does not depend on /¢, and aggregate welfare under an equal-accuracy design does not depend
on /. Second, Proposition 2 implies that increasing ¢ can change the firm’s preferred design,
inducing a switch from a disparate design to an equal-accuracy design at a threshold (. As a
result, liability affects aggregate welfare primarily through whether it triggers this design
transition. We present the main economic intuition below and refer readers to Section OA3
of the Online Appendix for computational details and supplementary parameterizations.
Across the parameterizations we examine (numerically) the welfare-maximizing liability
and find it lies at the boundary of this switch. Specifically, it is either the largest ¢ for
which the firm still prefers a disparate design (see Figure 3a) or the smallest ¢ for which
the firm prefers an equal-accuracy design (see Figure 3b). Thus, from the perspective of
aggregate welfare, choosing ¢ amounts to choosing the design regime—keeping the system in

the disparate-design region or inducing the shift to equal accuracy.
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Figure 3: Aggregate welfare as a function of liability £.

6.3 Type-Specific Priors

In this section, we allow physicians to hold type-specific priors about whether treatment T

is appropriate. This extension addresses the concern that imposing a, = a, may understate
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human-driven disparities in baseline clinical beliefs. Specifically, we assume a, ~ U(0, @)
and oy ~ U(a,1), where a < 1/2 < @. All other assumptions remain as in the main model.

We summarize our key findings and relegate our technical details to Section OA4 of
the Online Appendix. The physician’s optimal Al-use rule retains the same threshold form
as in the baseline: Al is used only for an interior range of priors, and conditional on use,
the physician follows the Al signal. Thus, downstream behavior is structurally unchanged,
although the relevant thresholds shift with the group-specific prior distributions. Aggregating
over these priors changes equilibrium Al-use volumes, but the firm’s design problem remains
qualitatively the same. The Al firm still chooses between a disparate design (p; > p,) and an
equal-accuracy design (p = py), and there exists a liability cutoff ¢ such that the firm prefers
a disparate design for ¢ < { and an equal-accuracy design otherwise. Comparative statics
with respect to liability and reimbursement therefore continue to follow the baseline logic:
heterogeneous priors change the size of the adoption region, not the underlying equilibrium
mechanism.

The welfare analysis is similarly preserved, with only the integration limits adjusted to
reflect the new prior supports. The main qualitative insights remain robust: at low levels,
liability can reduce AI use for type-y patients, while at higher levels it can increase use
through stronger upstream accuracy incentives; and an equal-accuracy mandate can still
induce overuse and reduce welfare. In short, allowing o, # «a, does not overturn the paper’s

core mechanisms.

7. Concluding Remarks

Policymakers increasingly seek to address uneven algorithm performance across patient
groups, yet the primary levers available in practice often operate at deployment: hospitals
and physicians remain accountable for outcomes even when they rely on clinical decision-
support tools. This paper studies the equilibrium consequences of such deployment-facing
accountability by linking downstream physician reliance to upstream firm design. In a model
with an Al firm and a physician, the Section 1557 clinical algorithm provision is captured

as an asymmetric liability exposure that is triggered when reliance on a tool with unequal
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performance leads to inappropriate treatment for disadvantaged patients. Regulating use
can reshape design, and regulating design can reshape use; welfare depends on the joint
equilibrium.

Our first set of results shows that liability intended to protect disadvantaged patients
can instead reduce their access to Al. By increasing the expected cost of relying on Al for
type-y patients, liability can induce physicians to use Al less for the very group the policy
aims to safeguard, even when the same tool would be deployed for type-z patients. Moreover,
the relationship between liability and use is generally non-monotone. As liability rises, it
can initially suppress reliance on Al for disadvantaged patients, but beyond a threshold it
can induce the firm to reallocate investment toward their accuracy, improving performance
and expanding adoption. The same regulatory instrument can therefore generate underuse,
correction, and renewed overuse across regimes, depending on how strongly it feeds back to
design incentives.

Our second set of results highlights why an equal-accuracy requirement is not an
appropriate-use guarantee. Requiring equal accuracy across patient types necessarily re-
allocates model quality across groups; because improving type-y accuracy is more costly,
parity is often achieved largely by reducing type-x accuracy. At the same time, equalizing
measured performance can relax the liability channel that previously discouraged reliance
for disadvantaged patients, while reimbursement continues to reward use. The result is a
utilization response that can move patients onto (or off) Al precisely where clinical gains
are small relative to the fixed cost of use. Consequently, an equal-accuracy requirement can
reduce aggregate welfare for both groups over empirically plausible regions: type-z patients
lose from a substantial accuracy decline, while type-y patients can be harmed by expanded
reliance on a still-imperfect tool.

The policy implication is clear. When deployment incentives are shaped by reimburse-
ment and accountability, standards aimed at algorithm performance should be paired with
instruments that govern use. In our setting, liability standards that encourage firms to invest
in disadvantaged-group accuracy need not align physicians’ deployment choices with clinical
value. Complementary levers—such as reimbursement rules that attenuate incentives for

indiscriminate use, auditing and monitoring requirements that target clinically meaningful
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endpoints, or other accountability mechanisms that discipline overuse—can be essential for
translating improvements in measured performance into improvements in patient welfare.
Although the motivating application is healthcare, the mechanism is broader: whenever
professionals remain accountable for decisions informed by algorithms, deployment-facing
accountability can generate feedback from use to design and back again. Analogous forces
arise when judges rely on risk scores, when lenders and managers use credit and screening
systems, and when employers deploy hiring tools—settings in which performance differences
across groups can trigger legal or reputational exposure and thereby distort equilibrium
reliance. Future work could extend the analysis to richer organizational environments (e.g.,
hospitals with multiple clinicians), alternative contracting and pricing arrangements, and
empirical measurement of the predicted non-monotonic responses of both adoption and design
to liability exposure. In human—AlT systems, equity and welfare hinge on equilibrium behavior,

not accuracy in isolation.
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Appendix

PRrROOF OF LEMMA 1. Using the physician’s expected payoff when not using Al (from eq. (3))
and when using Al (from eq. (4)), we compute the difference U, — U which is given by

Or —c, ifa<1l—p;
(prt+a—1)-b—c+0r, ifl—p,<a<1/2
Uy —U=4{"" ) ; (A1)
(pg —a)-b—cH+0r, if1/2<a<p,
Or —c, otherwise.

Note that 6r — ¢ < 0, therefore the physician does not use Al for « <1 — p, and for
a > pg. In the second case of eq. (A1), i.e., if 1 — p; < a < 1/2, the physician does not use

Al when a < w and uses Al when a > w. In the third case of eq. (A1),

ie., if 1/2 < a < p,, the physician does not use Al when «a > %ﬁer) and uses Al when
a < %‘C—M. Therefore, we have

o When ¢ — 0r < (py — 1/2)b, we have w < 1/2 and wbc_er) > 1/2. Then,

the physician does not use Al if a < w, uses Al if (1_“)# < a <
M, and does not use Al again if o > M.

o When ¢ —0r > (p, — 1/2)b, we have (l_p‘”)# >1/2 and M < 1/2. Then,

the physician does not use Al for all patients « € [0, 1].

Under the assumption that the physician uses Al for at least some type-y patients
(i.e., dyD > 0, equivalently, ¢ — 0r < (p, — %)b— (1 —py)0¢) and given p, > p,, we have
¢ —0r < (pz —1/2)b. Therefore, we derive the physician’s Al use for type-x patients in this
proposition.

Next, we check whether the physician will follow or reject Al signal when using Al In
the second and third cases of eq. (A1), the physician follows Al signal regardless of the signal.
These are also the only scenarios in which the physician uses Al. Therefore, the physician

follows Al signal for type-x patients, whenever using Al. Q.E.D.

PRrOOF OF LEMMA 2. Using the physician’s expected payoff when not using Al (from eq. (3))
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and when using Al (from eq. (5)), we compute the difference U, — U which is given by:

. 1— b+0¢
Or —c—a(l —py)0r, 1fa§$(py)%)
. (1—py)(b+060)
v U= (py+a—1)-b—cH+0r—(1—p,)0L, 1f$ﬂy)%<a§1/2 (A2)
. b
(py — @) -b—c+0r—(1—p,)ot, 1f1/2<agﬁzyw
Or —c—(1—a)(1—py)ot, otherwise.

Note, 0r —c — a(1 — py)0¢ < 0, therefore the physician does not use Al for a <

%. In addition, fr — ¢ — (1 — a)(1 — p,)0¢ < 0, which implies the physician does
b

Py
not use Al for a > b (T—py )00

(1—py) (b+00)
b+ (1—py )02

and uses Al when o >

< a < 1/2, the physician does
(=pu) (00 =0 1y e

In the second case of eq. (A2), i.e., if
(1—py) (b+00)+c—0r
b

not use Al when a <

third case of eq. (A2), ie., if 1/2 < a < %ﬁy)%, the physician does not use Al when

o> ﬂyb*(lfpz)egfcwr and uses Al when o < pyb*(lfpg)wfcwr. Therefore, we have

e Whenc—0r < (py,—3)b— (1 — p,)0¢, we have (1_’)”)(1)2%)%_% <l1l/2< pyb_(l_p;)’)%_cwr.
(l—py)(b—lz;%)—l-c—er7 uses ATif (1—py)(b—&l-)9€)+c—0r <

Then, the physician does not use Al if o <

pyb—(1—py)0l—c+0r (1—py)0l—c+0r
a < b b )

, and does not use Al again if o > pyb=

« When c—0r > (py — 3)b— (1 — p,)0¢, we have (1—py)(b420£)+c—0r > 1/2and pyb_(l_pg)eg_cwr <

1/2. Then, the physician does not use Al for all patients « € [0, 1].

Under the assumption that the physician uses Al for at least some type-y patients (i.e.,
dy > 0, equivalently, ¢ — 0r < (p, — )b — (1 —p,)0¢), we derive the physician’s Al use for
type-y patients in this proposition.

Next, we check whether the physician will follow or reject Al signal when using Al In
the second and third cases of eq. (A2), the physician follows Al signal regardless of the signal.
These are also the only scenarios in which the physician might choose to use Al. Therefore,

the physician follows Al signal for type-y patients whenever using Al Q.E.D.

PROOF OF PROPOSITION 1. Recall from Lemma 1, the physician uses Al for type-x patients

with w <a< M, and from Lemma 2, she uses Al for type-y patients with

(1—=py) (b+00)+c—06r pyb—(1—py)0l—c+0r

pyb (1—py) (b+00)+c—06r > (1—pg)b+c—0r

and 5 5

1—py)0l—c+0r pzb—c+0r
ST

Given p, < pg, we have 2
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Therefore, the physician is less likely to use Al for type-y patients than for type-x
patients. Q.E.D.

PROOF OF PROPOSITION 2. (a) Suppose the Al firm supplies a disparate algorithm. It
sets p; and p, to maximize the profit in eq. (1), where d? and d]y) are given in eq. (6). The
objective is strictly concave in p, and py, so the first-order conditions are sufficient. Setting
orP/dp, = 0 and 97 /0p, = 0 yields pi = % + % and py = 1 5 + M(HM) The interior
conditions pj < 1 and pj, < 1 are equivalent to f < r;/2 and f < W respectively.

Next, to ensure that the physician uses Al for at least some type-y patients under the

. . . D . bty (2c—20r+-01) . .
induced accuracy choice, i.e., d | py=py > 0, it suffices that f > = z-—=rm—" L This condition

also guarantees that the firm earns a positive incremental profit from serving type-y patients
at p;, (equivalently, my(p}) > 0); otherwise, the optimal choice sets p, arbitrarily close to %

(b) Now suppose the firm supplies an equal-accuracy algorithm SO Py = py = p-
=14 a+8)f

. The interior

Maximizing eq. (2) and setting 97%(p)/0p = 0 yields p*

lﬂx-i-liy

2(1+8)"
Next, we show that there exists a cutoff ¢ such that a disparate design is optimal for

condition p* < 1 is equivalent to f <

¢ < ¢ and an equal-accuracy design is optimal for ¢ > (. As { — 0, the disparate-design
profit converges to the equal-accuracy objective evaluated at potentially different accuracies
across types, i.e., 70 (pz, py)le—0 — 7 (pz, py), While the equal-accuracy design restricts the
firm to p, = p,. Because the feasible set under a disparate design weakly contains that
under equal accuracy, we have 7 (pZ, pg’j) 1o > 7(p*), with strict inequality whenever the
equality constraint p, = p, binds.

Next, under a disparate design, the firm’s optimal profit is decreasing in ¢. The type-z
component is independent of ¢, so it suffices to study the type-y component. By the envelope

theorem,

_ 90 (pw. py) 2015
* MY *
_ =—(1- < 0.
Pz=Pp%, Py=py
By contrast, WE(p*) does not depend on ¢. Therefore, there is at most one ¢ at which
7P (p¥, py) = 75(p*), and the profit ranking switches at that point, implying the stated
design cutoff.

Finally, we show that whenever a disparate design is optimal, it must satisfy py > pj.
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If p3 = p, under the disparate-design best response, then the firm can instead supply the

same accuracy level as an equal-accuracy design, which eliminates the liability channel and
weakly increases physician demand; hence 7P (pk, pi) < 7%(p}) < max,7%(p) = 7%(p*).
This contradicts optimality of a disparate design. Thus, if the disparate design is optimal, we

must have py > py. Q.E.D.

PrROOF OF PROPOSITION 3. Under the disparate design, Al use for type-y patients is given

by eq. (6) as d]y) =4- (2/’y_1)b—2(1;py)9€_20+29r, where p; = 3+ %ZW) from Proposition 2.
D
Taking the first-order derivative of dg with respect to ¢ yields 8% > 0 if and only if

0> 1= %. Thus, holding the AT firm’s design fixed at the disparate regime, liability

raises type-y Al use when ¢ exceeds 7 and lowers it when ¢ < /.

To establish the claimed local pattern around 7 in equilibrium, note that the parameter re-

bty (2c—20r+-01) Ky bry Ko +ky
sorerz < [ <min{’$, s5m e sty )

and (ii) the Al strictly prefers the disparate design at ¢ = 7 (i.e., 7°(pZ, pZ) > 7P (p*) at

strictions in Proposition 2 imply: (i) ¢ > fr and

¢ = 7). By continuity of profits in ¢, there exists § > 0 such that the disparate design remains
optimal for all ¢ € [Z,7+ §); hence, over this neighborhood, the sign change in 8d1y) Yaol4
translates into the equilibrium comparative statics: the physician uses Al for fewer type-y
patients when ¢ < 7 and for more type-y patients when 7 < ¢ < 7+ §.7 Q.E.D.

Proor or LEMMA 3. Using the altruistic physician’s expected payoff when not using Al
(from eq. (3)) and when using Al (from eq. (8)), we compute the difference U% — U, given by

—c, ifa<1l-—p

o (pt+a—1)-b—¢c, fl—p<a<l/2 (A3)
(pt —a) -b—c, if1/2 < a<p;
—c, otherwise.

It is straightforward that the altruistic physician does not use Al in the first and fourth

cases, i.e., when a < 1—p; or @ > p;. In the second case of eq. (A3), the physician does

(L—pt)btc
b

not use Al when o < and uses Al otherwise. In the third case of eq. (A3), the

"A numerical instance illustrates the existence of this region. When o = 2/3, b= 2,60 =1, ¢ = 0.65,
r = 0.5, k; = 1.3, K, = 1.705, f = 0.6, and B = 0.68, the physician uses Al for fewer type-y patients if
0 < ¢ < 0.089 and for more type-y patients if 0.089 < ¢ < 0.372. The equal-accuracy design becomes optimal
if £ >0.372.
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physician does not use AI when o > % and uses Al otherwise. Therefore, we have

e When ¢ < (py —1/2) - b, we have L{))HC < 1/2 and % > 1/2. Then, the physician
does not use Al if o < Lé)b%, uses Al if OLI?HC <a< %, and does not use Al

again if o > %.

e When ¢ > (p; —1/2) - b, we have OLZ)HC > 1/2 and % < 1/2. Then, the physician

does not use Al for all patients a € (0,1).

Next, we check whether the physician will follow or reject Al signal when using Al In
the second and third cases of eq. (A3), the physician follows Al signal regardless of the signal.
These are also the only scenarios in which the physician might choose to use Al. Therefore,

the physician follows Al signal for type-t patients whenever using Al. Q.E.D.

PROOF OF PROPOSITION 4. (a) Under an equal-accuracy design, the disparity-triggered
liability channel does not apply. An impurely altruistic physician therefore bases Al use
for both patient types on the decision rule in Lemma 1. Comparing this rule with the
corresponding benchmark for an altruistic physician in Lemma 3 implies that the impurely
altruistic physician uses Al for a (weakly) larger set of patients, and hence overuses Al

(b) Under a disparate design, comparing Lemma 2 with Lemma 3 shows that the
impurely altruistic physician uses Al appropriately for type-y patients if and only if the
reimbursement exactly offsets the expected liability cost on the margin, i.e., (1 — pz)f =,
which is equivalent to % — %J;%) = 7. By part (a), the physician overuses Al for type-z

patients.®

(c) From the argument in part (b), under the disparate design the physician overuses Al

for type-y patients, when (% — W)@ < r, and underuses Al, when G — ’W)f >r.

bky

The left-hand side is convex in ¢, so the equality (% — W)K = r has (at most) two

solutions; let /s denote the smaller root,

0. — briy 1 1 1683 f kyrt b
* T 1pf0 b(ry—251)7) 20
8A numerical example is given by « = 2/3,b=1.8,0 =1, r = 0.1, k; = 2, ky =3, f =08, 3=0.6,
¢ =0.11, and ¢ = 0.32, under which Al is used appropriately for type-y patients.
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It follows that there are parameter values for which the physician overuses Al when ¢ < /¢,
and underuses Al when /5 < ¢ as long as the Al firm continues to supply the disparate design.
For sufficiently large ¢, however, the Al firm may switch to the equal-accuracy design, in

which case part (a) implies overuse re-emerges.” Q.E.D.

PROOF OF PROPOSITION 5. Using expected utilities for different patient types in Table 2

and Al accuracy expressions in Proposition 2, we compute the expected patient welfare

Wa(p3)s Wy(py), Wa(pi), and Wy (p)) as detailed below:

(1—pk)b+c—6r pb—c+or

. 5 B . 1
Wx (px) = /0 ((1 - O()b) dOé + ‘/(1—p;)b+c—9r (p:l? : b - C) dOé + [J;b—0+67' (Oéb) dOé,

(1—p) (b+08)+c—0r yb—(1—py)0f—c+0r
) b
Wy(PZ) - B ' |:/O ((1 - Oé)b)dOé + /1 p )(b+6£)+c—6r (pyb_ C>dOé
1
+ pib—(1—p})0L—c+0r (ab)da},
b

b

(1—p"™)b+c—0r " y—c+0r

— e 1
W (p™) = /0 <(1 - a)b) do + ﬁl—pm)b+c—9r (pmb— c) do + ﬁmb—cwr (ab> do,
(lfpm)bb+670r P b— c+0
Wy(ﬂm):ﬁ‘[/o ((1_05) )da+/1 M b+c 0r( mb—c)doz—i—/mb c+0r <Ozb)da]

(A4)

where p% = 3 + Loy = (1+8)f

Eo——"and p" = % + v In each of the above welfare

expressions, the first and third terms capture the expected welfare of patients for whom
the physician does not use Al, whereas the second term represents the expected welfare of
patients for whom the physician uses Al.
(a) It is straightforward to verify that p™ < p3; thus, it suffices to prove pj < p".
Define A as the difference between the Al firm’s optimal expected profit under a

disparate and an equal-accuracy algorithm:

s 1) 2% — 1)b—2(1 — )00 — 20 + 26
A:[<(2Pw 1)bb 2c420r 5 (0= 1) (bﬂy) ct T)f—mx(p;‘;—l/z)z

9For example, when a = 2/3,b=1.8,0=1,r = 0.1, K = 2, ky =3, f =038, 8=0.6, and c = 0.11,
the physician overuses Al when ¢ < 0.32, underuses Al when 0.32 < ¢ < 0.41, and overuses Al again when
£ > 0.41, where the equal-accuracy design becomes optimal.
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oy~ 1722 = [CETIO IRyt ) (- 1727

Since A is decreasing in ¢, there is at most one ¢ such that A = 0. Let ? be the value satisfying

b(ky—Pra)
B(katry)0”

Because p; and p™ are independent of £, and pj, is increasing in ¢, we only need to

py = p", and we can derive £ =

prove A= A|£:?< 0. To prove that, we substitute ¢ = { and obtain

A— f(ky = Brz) (f (24 B)ka + ky) — ka(kae + “y)).
ke (K + Ky)?

Taking the derivative g—?, we find:

0A (“y‘ﬁfﬁx)(’fx(“m+’fy)_2f((2+5)“w+“y))‘

07f - ke (Ke + Ky)?

o~ ~

Because g—? is increasing in f, and thus g—? can take three forms: decrease, increase, or first

decrease and then increase in f. Evaluating at f = 0, we find A = 0. For [ =%, direct
substitution yields A < 0. Thus, A < 0 holds for all valid f, completing the proof of (a).
(b) Before proceeding to prove this part, we provide a more formal statement, which
includes expressions for all the thresholds:
The expected patient welfare is affected as follows. For type-x patients, their welfare

o o *p i . —_p* —
remains unchanged if a < (1;@%&" or a > bt bc+97"; improves if (1%)#

_m _ % my xp xp .
mim{(1 L )bb+c or ¢ pg)Hc} or max{p bbc—i—@r’ p””ll’) C} <a< Lbc—l—er’ and worsens if

< o<

min{(lp )bbﬂ*er, (1pg)b+c} < a< max{'o b—bc+9r7 pxg_c}. For type-y patients, their

<

b (1 pE)0l—ctfr pp— my_
}ormax{py ( pé’) < T,pgc <a<7pbbc+er,

1—p2) (b+6¢ —0 —pm “b—(1—p))0l—c+0 my_
( py)("l; )+c T’(l Pb)b+c}<a<max{ﬂy ( Pi) ct+ T’P Z c}'

welfare remains unchanged if o < (p)# or a > Lbcwr, worsens if (p)%@r

{(1—p;)(b+eé)+c—9r (1—p™)b+c
b g b

a < min

and improves if min {

Now we present the proof of the above statement. For a disparate algorithm, the

(1—pz)b+c—0r prb—c+0r
o <a< T

physician uses Al for type-z patients if and for type-y patients

¢ (1—py,) (b+00)+c—0r yb—(1—py)00—c+0r
b b

i <a< by . After mandating Al fairness, the physician uses
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AT for both types of patients if w <a< pmb_ibﬁw. It is straightforward to verify

(1—p&)b+c—06r _ (1—p"™)b+c—0r _ (1—py)(b+00) +c—0r _ pyb — (1= py)0C —c+0r

b b b b
mh — 0 *b— 0
< P c+0or < Pr0—c+ r'
b b
For type-x patients, if a < W# or a > p’;b—7bc+9r7 the physician does not use Al

both in the presence and absence of the Al fairness mandate, and thus the welfare of each

(1—p3)b+c—0r (1—p™)b+c—0r
b b

such patient remains unchanged. If <a< , the physician uses

Al in the absence of the Al fairness mandate, generating welfare pib — ¢ for each patient;
however, she does not use AI when Al fairness is mandated, generating welfare (1 — «)b.

Since pib— ¢ < (1 — a)b holds for a < (1—p7[;§)b+c’ patients with

(1—pi)b+c—0r
b

1_ m _ 1_ k
<a<min{( P+ c—or ( px)b+c}

b ’ b

become better off when Al fairness is mandated, whereas patients with

mm{(l—p )Z+0_9T7(1_p2)b+c}<0‘< (1-p )Z+c—97"

become worse off. If w <a< M, the physician uses Al both in the presence

and absence of the Al fairness mandate. It is straightforward to show such patients become
worse off because b — pib—c > p"b—c. If pmb;bcwr <a< ”;b%ﬁer, the physician uses
Al in the absence of the Al fairness mandate, generating welfare pib — c for each patient;

however, the physician does not use Al after Al fairness is mandated, generating welfare ab.

Since pyb — ¢ < ab holds for a > %, patients with

mip o * _ * _
max{p b bc+9r7pxbb C}<oz<'%b bc+9r

become better off after Al fairness is mandated, whereas patients with

p"b—c+0Or
b

mip o *1
<a<max{'0 b c+9r7pxb c}

b b
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become worse off.

For type-y patients, if a < U_p)%_er or o > pmb%ﬁer, the physician does not use

AT both in the absence and in the presence of the Al fairness mandate, and therefore the
(1—p™)b+c—0r (1—py,) (b+00)+c—0r
b b

welfare of each such patient remains unchanged. If <a< , the

physician does not use Al in the absence of the mandate, generating welfare (1 — «)b, but uses

. . (1—p™)b+c
AT afterward, generating welfare p™b — c. Since p™b—c > (1 — a)b holds for v > ===

’

patients with

(1—p™)b+c—0r
b

(1=py)(b+00) +c—0r (1—pm)b+0}

<o¢<mln{ b , b

become worse off after Al fairness is mandated, whereas patients with

1—p)(b+0¢ -0 — pm 1—p)(b+0¢ -0
min{( P +b )+ e 7‘7(1 pb)b—l—c}<a<( Py +b ) +c—0r

b+0¢)+c—0r

become better off. If (1=py)( > —(1=py)0l—ctor

<a< pyb A , the physician uses Al both

before and after Al fairness is mandated. It is straightforward to show that such patients

b (1—p* _ my
become better off because pyb —c < p™b—c. If pub=( pg)% Hr o < %, the

physician does not use Al before the mandate, generating welfare ab, but uses Al afterward,

generating welfare p"b — c. Since p™b — ¢ > ab holds for a < £ mgfc, patients with

g0 — (1= p,)0l —c+0r pmb— mh —
max{py ( Pz) ‘ 7“7,0 l;) C}<oz<'0 b bc+97“

become worse off after Al fairness is mandated, whereas patients with

ppb — (1= py)00 — c+0r
b

b— (1= p2)00 — e+ Or pmb—
<Oé<maX{py ( py) chor p b C}

b )
become better off.

(c) We prove this part using Proposition 2. By substituting the expressions for the
accuracy levels

Py ==+

b+ 60
. 5 i P 1 L0 N S G o)

vyo2 by P

38



in eq. (A4), we obtain Wy(p™) > Wi(ph) < f < m Analogously, as

0= 0, W,(p™) > W, (Py) — f > (226519;::—’:%2 7 We can verify that %"% <

(éf;jg*;;:fglm) Therefore, when £ — 0, we have Wy (p™) > Wy (p%) and W, (5™) < Wy ()

1w<*%%ﬂ5wwm<wm@wun<>Mv%wv>mg%%$&émf%

and W (p™) < Wi (p5) and W, (™) < Wy (py) if ggelsetin) < f < 2afetm)(Gople (=0

Then, by continuity, we can prove part (c) of this proposition.'® Q.E.D.

ONumerical verification: For « =2/3,b=2,0 = 1,7 = 0.5,¢ = 0.6,¢/ = 0.01, k, = 1, ky =1.6,8 = 0.8, we
find W (p™) > Wa(py) and Wy (p™) < Wy(py) when f < 0.3545; W (p™) < Wy (py) and Wy (p™) < Wy (py)
when 0.3545 < f < 0.4375; and W (p™) < Wy (py) and Wy (p™) > Wy (py) when 0.4375 < f < 0.5.
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Online Appendix for “Algorithm Design and Physician Liability”

This Online Appendix is organized as follows. The first part extends the welfare comparisons
under equal-accuracy requirements. The second part provides technical derivations for
the endogenous-pricing extension. The third part reports the welfare-maximizing-liability
computations. The fourth part develops the extension with type-specific priors and its

additional comparative statics.

OAL1. Effect of Mandating Equal Accuracy on Patient Welfare (Section 5.3)

To assess how an equal-accuracy requirement affects aggregate welfare over a broader param-

eter range, we report numerical comparisons across (5,4, f) in Figure OA1.
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Figure OA1: Welfare effects of an equal-accuracy requirement for each patient type.

Figure OAla complements Proposition 5(c). As f increases, the welfare effect of the
equal-accuracy mandate typically transitions from harming only type-y patients, to harming
both types, and then to harming only type-z patients. Intuitively, higher f strengthens
the AI firm’s incentive to invest in accuracy for type-y patients under the equal-accuracy
requirement; once these gains become sufficiently large, the probability that type-y patients
are harmed falls.

The same figure shows how these welfare patterns vary with the relative size of the
disadvantaged segment. As [ increases, the equal-accuracy requirement again tends to

move from harming only type-y patients, to harming both types, and eventually to harming
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primarily type-x patients. When g is large, the Al firm internalizes a larger market on the
type-y side, which increases the return to improving their accuracy under the requirement
and limits the scope for welfare loss in that group. When  is small, the requirement can
instead improve welfare for type-x patients by tempering overuse on the margin, partially
offsetting the loss from reduced accuracy.

Finally, Figure OA1b shows that higher liability can increase the likelihood that type-y
patients are harmed by the equal-accuracy requirement. When / is large, the disparate-design
equilibrium already induces substantial investment in type-y accuracy, reducing the incremen-
tal benefit of further improvements under the requirement, while utilization effects remain.
As a result, combining a high-liability environment with an equal-accuracy requirement—
two instruments intended to protect disadvantaged patients—can be counterproductive in

equilibrium.

OA2. Al Firm’s Pricing Decision (Section 6.1)

PrOOF OF PROPOSITION 6. The Al firm’s profit functions under disparate and equal-
accuracy designs are given in eqs. (1) and (2). We first consider the case in which the
firm offers a disparate design. For given (py, py), the profit function 7°(py, py, f) is strictly
concave in f because %}W = —4(1%2“6) < 0. The first-order condition %W =0
therefore yields the unique best-response price

b(B(20y — 1) + 200 — 1) = 208L(1 — py) +2(3 + 1)0r
f(P:p,py) = 4(6+ 1) .

Substituting f(py, py) back into 7P and imposing the first-order conditions with respect to pg
and p, yields the optimal accuracies (pZ, pZ) and the induced optimal price fP := f(p?, pZ)

For notational economy, define

D() := 2% (B*ky + i) — Abri (B + 1)y — B200) + 237,02,
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Then

.1 beyf(BC—2(B+1)r) L1 BB+ 00 (B—2(8+1)r)

Pe=3t D) Py D) ’

and
D:bmmﬂwﬂ—ﬂﬁ+wﬂ
D(¢)

Next consider the equal-accuracy design, imposing p, = py, = p. The first-order

condition %;’f) = ( gives
_ p_l) 1
flp) = <2 1 b+ 297".

E
Substituting into 7 and imposing %})ﬂp)) = 0 yields

(Kz + Ky)Or
2(kg +ry) —0(B41)

p*:1+ (B+1)0r

2 2+ i) BB 1) fFo=f0") =

We now compare the maximized payoffs as ¢ varies. By the envelope theorem, the
maximized payoff under the equal-accuracy design, WE(p*, f E), is independent of ¢. Under

the disparate design, the envelope theorem implies

o2 (p3 7y, I7) _ 07 (pr, py. ) _ WP e g
ag aé (Pwypyaf):(Pak:’P;va)

b Y

so the maximized disparate-design payoft is strictly decreasing in ¢. Moreover, as ¢ — 0, the
disparate-design problem converges to the environment without the liability channel, and
allowing (pz, py) to differ is (weakly) valuable under the cost asymmetry. In particular, the
disparate-design optimum yields a strictly higher payoff than the best equal-accuracy design
for ¢ near zero. Since 7 (p*, f¥) is constant while 72 (pk, p}, fP) declines in ¢, there exists a
cutoff ¢1 such that the firm prefers a disparate design for ¢ < ¢ and an equal-accuracy design
for ¢ > (7.

We next show that whenever a disparate design is optimal, it must satisfy pj > p;. At
¢ — 0, the expressions above imply p; > p;. Suppose instead that for some { the disparate-

design optimum satisfies p; = p;. Then the candidate solution is itself equal-accuracy, and
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the firm can (weakly) improve by switching to the equal-accuracy problem; moreover, because
7P (p¥, Oy fP) is decreasing in ¢ while 7% (p*, f¥) is independent of ¢, once pf = py holds at
some /, the equal-accuracy design is optimal at £ and for all larger £. Hence, if the disparate
design is optimal, it must be that py > pj.

Finally, p% (and similarly fP) can be non-monotone in ¢. Differentiating yields

ops _ bBky0 - E1 ()
2<b2(52@ + ky) — 2bka (B + 1)ky — B20C) + 52@«9262)2

ol

where
E(0) = V(e + 1y) — 26(8 4 1) 0 (5 — 280r) + Brop6L(4(8 + 1)r — BL).

Because Ej({) is a concave quadratic in ¢, there exist parameter values for which E;(0) < 0
but Ei(e) > 0 for some small € > 0 below the design-switch cutoff (1, implying that o

initially decreases and subsequently increases with ¢. The same logic applies to fP. Q.E.D.
Proposition OA1. There exist parameter values under which, as ¢ increases, equilibrium
Al use for type-y patients first decreases and then increases.

ProOOF oF PrOPOSITION OA1. With endogenous pricing and a disparate design,

o (205 — 1)b—2(1 — p})0¢ — 2fP + 20r
y _B b ;

where (p;, fP) are given in Proposition 6. Differentiating dyD with respect to £ and simplifying

yields
odb Briy0((B +2)k, — b) - Q(0)

) (bQ(ﬁzﬂx +ry) — 2br (B + 1)ry — B200) + 52,%9252)2’

ol

where

Q(E) 1= b*(B%ka + hy) — 26(B + 1)k (15 — 2610) + Brp0C(4(8 + 1)r — BY)
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is a concave quadratic in £. Let {pi, denote the smaller root of Q(¢) = 0:

, 2B+ V0282 + Ky / Ka) — 2b(8 + 1) (s — 2870) + 4(5 + 1)2r202
min — 5 - 58 :

D
If (B+2)ky > band Q(0) <0, then &Lg < 0 for ¢ near zero and becomes positive for £ just

above (in. Provided /i, lies below the design-switch cutoff Al (so the firm still supplies a

disparate design in this neighborhood), the comparative static in Proposition OA1 follows.

Q.E.D.

The mechanism behind Proposition OA1 parallels that of Proposition 3: liability changes
the physician’s marginal willingness to rely on Al for type-y patients, and the firm responds
by jointly adjusting price and accuracy, which can reverse the direction of utilization as ¢
increases.

We next examine whether an equal-accuracy requirement can still reduce welfare for
both patient types when the Al firm endogenizes the per-use price (that is, when f becomes
a choice variable and we impose ¢ = f). Figure OA1 reports the comparison. Panel (a)
corresponds to the baseline model with exogenous (¢, f), while panel (b) corresponds to
the extension in which the firm chooses f and ¢ moves one-for-one with it. The two panels
use the same parameter values and differ only in whether (¢, f) are fixed or endogenously
determined. The qualitative welfare regions are unchanged: the central patterns from the

baseline carry over, and the mandate can still generate the same welfare reversals.

OA3. Welfare-Maximizing Liability (Section 6.2)

For each parameter tuple, we compute equilibrium aggregate welfare under the disparate-
design and equal-accuracy-design regimes as functions of liability and then compare these
values at the relevant design boundary. Operationally, we first identify the design-switch
cutoff implied by Proposition 2, and then evaluate welfare on each side of that cutoff using
the corresponding equilibrium design.

Across the numerical configurations reported in the main text, the welfare-maximizing

liability is attained at the regime boundary: either at the largest ¢ for which the disparate
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Figure OA1l: Welfare effects of an equal-accuracy requirement (¢ = f). Panel (a) treats the per-use payment
f as exogenous; panel (b) endogenizes f.

design remains optimal or at the smallest ¢ that induces the equal-accuracy design. This
procedure yields the two benchmark patterns illustrated in Figures 3a and 3b.

OA4. Type-Specific Priors (Section 6.3)

As in the baseline, the physician’s Al-use rule is characterized by two prior cutoffs, and

conditional on use the physician follows the Al signal.
Lemma OAZ2. (a) For type-z patients, the physician uses Al if and only if

(1—pg)b+c—06r
b

< Qg <mm{a,pxb—bc+9r}.

Moreover, conditional on Al use, the physician follows the Al signal.

(b) For type-y patients, the physician uses Al if and only if

s {a, (1—py)(b—|—b9€) +c—9r} <ay < pyb — (1—pz)9€—c+9r'

Moreover, conditional on Al use, the physician follows the Al signal.

The proof of Lemma OA2 follows the same logic as the proofs of Lemmas 1 and 2
and is therefore omitted. Relative to the baseline, the ordering of type-specific Al use

need not be uniform because use is jointly determined by type-dependent priors and payoft
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trade-offs. Nevertheless, the baseline pattern remains feasible: there are parameter values
for which the physician uses Al less for type-y patients than for type-z patients. Under a
disparate algorithm, aggregating over priors yields the Al-use volumes. For type-x patients,
let dy(pz) =a— ((1—pz)b+c—0r)/band dy(pz) = ((2px — 1)b— 2c+ 207) /b. For type-y
patients, let dy(py) = ((pyb— (1 — py)0l —c+0r)/b) — a and dy,(py) = ((2py — 1)b—2(1 —
py)0l — 2¢+20r)/b.

d? = min{i’v(ﬂx)v Jx(px)}a
dyD = /Bmin{a_ly(py), Jy(ﬁy)}- (OA1)

The Al firm then chooses (pg, py) to maximize expected profit in eq. (1). Under an equal-
accuracy algorithm, define di (p) = a@— ((1—p)b+c—0r)/b, dy(p) = (pb—c+0r)/b—a,
and d”(p) = ((2p — 1)b—2c+ 260r) /b. Then

dy = min{d} (p),d"(p)},
dy = Bmin{d, (p),d"(p)}. (OA2)

The AT firm chooses p € (1/2,1) to maximize expected profit in eq. (2).

The next proposition characterizes the resulting equilibrium accuracy choices.

Proposition OA2. There exist parameter regions in which the Al firm develops a disparate
Al when ( is below a cutoff and an equal-accuracy Al when { exceeds that cutoff. The

associated optimal accuracy levels are characterized in the proof.

PrROOF OF PROPOSITION OA2. We begin with the disparate design. Because the physician’s
usage rule changes discretely at an accuracy cutoff, the Al firm’s objective is piecewise in
p¢. Conditional on supplying a disparate design, the problem separates by patient type. We

therefore solve for p; and pj in turn. For type-z patients, define the cutoff accuracy as

OAT



py 1= =0T The firm chooses p, € (1/2,1) to maximize

(205 —1)b—2c+20r
b (OA3)

1—pg)b+c—or .
f-(a—( Pa:)b >_Hx(px_%)2, if pp < pr <1

f .

Wm(pm) =

On each region, 7, (p,) is strictly concave in p,. The first-order condition yields the interior
candidate p, = %+ % in the first region and p, = %—l— % in the second. The global

maximizer is obtained by checking whether the relevant candidate lies in its region; otherwise

the optimum is attained at the boundary p,. This yields

vl i Loy,
Py = A P, if%+i§ﬁx<%+i, (OA4)
2K, Ky
T |
1o Ly 1. 1
24_2/1957 lpx<2+2ﬁx

. . - ab—(c—0r)
For type-y patients, define the corresponding cutoff as p, := 1 — == 77—. The Al

firm chooses p, € (1/2,1) to maximize

(2py —1)b—2(1 — p, )00 — 2c + 20r

(4) 1B b _Ky(py_%)2v if%<9y§/5ya
Ty\Py) =
b—(1— 0¢ —c+ Or o
o (PRI e
(OA5)

Again, strict concavity holds on each region. The first-order condition yields the interior

Bfb+060) Bfo+00)

candidate p, = % + in the first region and p, = % + in the second.

bry 20Ky
Comparing these candidates with p, gives
b+ 0¢ b+ 00
bry (bliy | ( |
% _ .1 . Bf(b+0¢ _ 1 Bfb+0o¢
= L 2P Ly 2T A
Py Py it 5+ My Py <3+ by (OAG)
L BF+00) o Bf(b+60)
s+ ——>2  if 54—
2t 20k, oy <zt 20k,
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We next consider the equal-accuracy design, imposing p, = p, = p. The Al firm’s
objective is again piecewise because physician usage changes at the relevant cutoffs. The
cutoffs are ﬁ(y) = (l_g)b# and ﬁ(w) = Eb%c’er. When @ > 1 — a (so ﬁ(y) < ﬁ(x)), the
objective has three regions; when @ < 1 — o, the ordering reverses and the middle region
changes accordingly. In each region, the objective is strictly concave in p, so the solution is
obtained by evaluating the region-specific first-order candidate and checking whether it lies
in that region; otherwise the optimum is attained at the nearest boundary. This delivers the
piecewise expressions for p* stated in the proposition.

Finally, after obtaining candidate optima under both design regimes, the design com-
parison follows exactly as in the proof of Proposition 2: the maximized payoff under equal
accuracy is independent of ¢, whereas the maximized payoff under a disparate design is
decreasing in ¢. Hence there exists a cutoff in ¢ below which the firm prefers a disparate
design and above which it prefers an equal-accuracy design. Moreover, whenever the disparate

design is optimal, it must satisfy p; > pj. Q.E.D.

Proposition OA3. There exist scenarios in which, as ¢ increases, the physician uses Al
for fewer type-y patients when € is below a threshold, and for more type-y patients when
is above that threshold. Depending on which branch of eq. (OA1) is active, the threshold is

either
b("‘?y —26f) or b(’iy —46f)
208 f a08f

PrOOF OF PROPOSITION OA3. When the relevant threshold is %, the argument is

identical to that in the proof of Proposition 3. We therefore focus on the case in which the

threshold is %. In this case, eq. (OA1) implies dyD = ﬂ(pzb_(l_pg)%_ﬁer — a), where

py=+=
y o2 20Ky

D
yields %}; > 0 if and only if ¢ > %. Thus, holding fixed the disparate-design regime,

liability reduces type-y Al use for ¢ below this cutoff and increases it above the cutoff.

from Proposition OA2. Differentiating with respect to ¢ and simplifying

Nonmonotonicity in equilibrium arises when the firm switches to an equal-accuracy design at

a higher value of £; the numerical instance in the footnote illustrates this pattern.'' Q.E.D.

UFor example, when o = 2/3, a = 0.4, @ =0.88, b= 0.9, § = 1, ¢ = 0.36, r = 0.3, ky = 0.4, s, = 0.55,
f=10.28, and 8 = 0.9, the physician uses Al for fewer type-y patients if 0 < ¢ < 0.0821 and for more type-y
patients if 0.0821 < ¢ < 0.4225; the equal-accuracy design is optimal if ¢ > 0.4225.
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The two thresholds correspond to the cases in which d? is determined by the first and
second expressions in eq. (OA1), respectively. The intuition from our base model still applies:
there is a trade-off between liability exposure and the accuracy gains induced by higher
liability. When liability is small, exposure concerns dominate, and the physician uses Al for
fewer patients. In contrast, when liability is large, the accuracy effect dominates, and the
physician uses Al for more patients.

We next examine the welfare effect of mandating equal-accuracy Al. For ease of

presentation, we define the adoption cutoffs:

1_ * _ * _
Q? — ( pm)b—i_c 9r7 a? — mln a, pmb—c_'_&r ,
b b
1—p;)(b460)+c—0 b—(1—pi)0l—c+0
Qg — max {a’ ( py)( . ) +e r}, ayD _ Py ( pz) ¢ 7“7
le:(l pPMb+c 97”7 a™ = min @l b—c+0r |
b b
1—p"™)b —0 mh — 0
ag‘:max{a,( P )b+c T}, aZb:pbc—i_r.

Then patient welfare under disparate and equal-accuracy algorithms is

ay) ay a
W (p) :/0 (1—a)bda+/aD (p;b—c)da+/aDabd@,

ay ay 1
Wy(p}) =8 / (1—a)bda+/D (pr—c)da+[Dabda ,
a @y Gy

m
Ay

ay o
W (™) :/0' (1—a)bda+/am (pmb—c)da—l—/amabda,

" oy’ o !
W,(0") = B / (1—a)bda+ [ " (p b—c)da+[mabda . (OAT)
a ay ay

Figure OA2 shows that the main findings from the baseline remain intact and that
the overall welfare pattern under the equal-accuracy mandate is qualitatively unchanged.
Relative to Figure OA1b, however, one notable difference is that type-z patients are more
likely to benefit, while type-y patients are more likely to be adversely affected.

The intuition is straightforward. Bounded prior supports narrow the set of cases in

which AT is used, reducing the firm’s return to additional accuracy investment. Under
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Figure OA2: Impact of Mandating Equal-Accuracy Al on Expected Welfare for Each Patient Type (o <

1/2 < @)

the equal-accuracy mandate, this tends to generate modest gains in type-y accuracy and

relatively small losses in type-z accuracy, with utilization effects dominating in equilibrium.

The resulting pattern is a net welfare gain for type-z patients and a net welfare loss for type-y

patients.
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