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Of the 950 artificial intelligence (AI) systems cleared by the U.S. Food and Drug Administration as
of June 2024, most function as classifiers to help screen or diagnose specific medical conditions. Yet,
questions remain about how to best integrate AI into healthcare workflows, including whether Al
should serve as a gatekeeper, determining which patients require human attention, or as a second
opinion to complement medical consultations. Motivated by this question, we model a healthcare
system in which patients can consult a specialist, an Al system, or both. The key design question
is whether the patient should first consult AI or the specialist, corresponding to AI’s gatekeeper
and second-opinion roles, respectively. We model a two-step decision-making process influenced by
an initial signal, or anchor. Contrary to popular belief, we show using Al as a gatekeeper does not
necessarily increase missed diagnoses; using Al as a second opinion, on the other hand, reduces missed
diagnoses but can also increase false positives. In general, the gatekeeper approach is preferable
in low-risk settings, whereas the second-opinion approach is better suited for high-risk patients for
whom avoiding missed diagnoses is a primary concern. Notably, scenarios exists where Al should
not be used for intermediate-risk patients for whom uncertainty is highest, challenging the premise
that AT is most useful in reducing uncertainty. Finally, applying our model to glaucoma diagnosis,
we numerically illustrate cost savings from optimizing patient pathways. Our work highlights the
potential for Al to contribute to the United Nations’ Sustainable Development Goals by optimizing

resource allocation and improving patient outcomes.
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1. Introduction
The clock is ticking for the United Nations’ Sustainable Development Goals (SDGs), a set of 17
goals aimed at improving economic, environmental, and social conditions worldwide by 2030 (Sodhi

and Tang 2024). The third of these goals is to “ensure healthy lives and promote well-being for all
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at all ages.” Achieving this goal requires innovative solutions to bridge gaps in healthcare delivery,
particularly in low-resource settings (Chen et al. 2021, Lee et al. 2013, Lee and Tang 2018, Mehta
et al. 2016). Among these innovations, artificial intelligence (Al) stands out as a transformative
approach (Abramoff et al. 2024, Dai and Tayur 2022). A compelling example of AI’s potential is
its application in screening for diabetic retinopathy (DR), a serious complication of diabetes that
can lead to vision loss. Approximately 11% of the U.S. population has diabetes (CDC 2024), which
is similar to the global prevalence (Sun et al. 2022). DR is a serious complication of diabetes that
can result in vision loss. Yet, less than 15% of diabetic patients receive the recommended annual
screening, primarily due to the cost and inconvenience of scheduling appointments with the few
available eye care specialists (Dai and Abramoff 2023). Al-based devices, such as IDx-DR, with
their low variable costs and high diagnostic accuracy, can autonomously diagnose DR and flag
positive cases for human specialists.

Incorporating Al into routine healthcare delivery systems, however, requires purposeful design
(Dai and Tayur 2022). Of the 950 AI systems cleared by the U.S. Food and Drug Administration
(FDA) as of June 2024 (FDA 2024), most function as classifiers to help diagnose specific medical
conditions. However, the role of medical Al in healthcare delivery remains a subject of considerable
debate. In the U.S., many Al devices such as IDx-DR have been used primarily as gatekeepers at
the point of care (Dai and Abramoff 2023). For example, patients who receive negative screening
results from IDx-DR are not referred to an ECP for a definitive diagnosis. An alternative approach
is to refer all patients to the ECP for diagnosis. Many ECPs do not have IDx-DR in their offices, so
they will make diagnoses without recourse to Al If an ECP does have access to IDx-DR, they can
use IDx-DR after their encounter with the patient. In this “specialist-first” approach, Al serves as
a second opinion.

One potential concern about using Al as a gatekeeper is the risk of false negatives, where a
health condition of concern is missed (Dai and Tayur 2022). However, positive screening results can
provide additional information to healthcare professionals to help them make informed decisions
and confirm diagnoses. When a screening test returns a positive result, it raises awareness among
providers, leading to a reassessment that ensures accurate diagnoses and appropriate care for
patients.

Compared with gatekeeping, AT is widely believed to best serve as a second opinion. For example,
Ho et al.’s 2022 survey of 252 Australian eye care professionals shows a strong preference for using
ATl as an additional tool after consultation (i.e., as a second opinion) rather than for an initial
diagnosis (i.e., as a gatekeeper), in part because of concerns that inaccurate Al advice may lead
to false-negative diagnoses: A patient with a DR condition may receive a false-negative screening

result, preventing the patient from being referred to the ECP. Similarly, a patient who does not
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have DR may receive a false-positive screening result from the Al system, potentially leading to
unnecessary tests and procedures.

Our work is motivated by the ongoing debate on whether Al should be used as a gatekeeper or
as a second opinion. Specifically, we seek to answer the following questions: (1) Compared with
the case without AI, what are the diagnostic performance and patient outcome implications of
using the “Al first” approach? (2) Compared with the case without AI, what are the diagnostic
performance and patient outcome implications of using the “specialist first” approach? (3) What’s
the optimal design choice between the “Al first” and “specialist first” approaches? To answer these
questions, we model and analyze the diagnostic performance and impact on patient outcomes under
these two approaches, generating insights into when Al should be used as a gatekeeper or as a
second opinion. For both approaches, inspired by the literature on judgment and decision-making
(e.g., Hastings 1970, Ogdie et al. 2012, Tversky and Kahneman 1974), our model incorporates
the decision process that depends on an initial signal, the so-called anchoring effect. This effect
is relevant because the order in which the specialist and Al see the patient affects the specialist’s
initial impression. Specifically, the first diagnosis generated tends to become an “anchor” that can
bias later assessments. Thus, if Al screens first, the specialist may anchor to that initial result,
even if it is inaccurate. Conversely, if the specialist examines the patient first, his initial diagnosis
may anchor Al’s algorithmic assessment.

First, we show that, contrary to popular belief (Ho et al. 2022), using Al as a gatekeeper does
not necessarily increase missed diagnoses compared with specialist-first diagnoses. The reason is
that when Al is used as a gatekeeper, in some cases, a specialist with an inaccurate diagnosis may
benefit from having an anchor from AT signal that is accurate. In particular, when AI has a higher
sensitivity than the specialist, using Al as a gatekeeper can help reduce the chance of false-negative
diagnoses. For the same reason, using Al as a gatekeeper does not necessarily reduce false-positive
diagnoses and thus unnecessary treatments. The reason is that AI could lead the specialist to
overdiagnose a condition that the patient does not have.

Second, we show using Al as a second opinion leads to fewer false-negative diagnoses than using
Al as a gatekeeper or not using Al. By having the specialist examine the patient first, the anchoring
to a false-negative diagnosis is mitigated. The specialist can then use Al as a second opinion to fill
in gaps and reduce human oversight. However, using Al as a second opinion may or may not reduce
false-positive diagnoses compared with not using AI. For example, suppose the prior confidence is
high, but the specialist makes a true negative diagnosis and Al makes a false-positive diagnosis.
In this case, ATl’s contradictory diagnosis, given the high prior, can cause the specialist to accept

AT’s diagnosis.
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Third, whether AI should be used as a gatekeeper or as a second opinion depends on whether
avoiding false negatives or false positives is more important in a given clinical context. Taken
together, we find using Al as a gatekeeper is most beneficial for low-risk patients, for whom the
downside of false negatives is lower. Using Al as a second opinion, on the other hand, is optimal for
high-risk patients, for whom missing a diagnosis has serious consequences. Although this finding
may seem intuitive at first glance, the implication is surprising: These results suggest Al should
not be used when patients are neither high nor low risk. Put differently, AI should be avoided
altogether, neither as a gatekeeper nor as a second opinion, for the most uncertain patient groups.
This finding contradicts the intuition that, in the absence of agency problems, the role of Al is to
provide information to supplement physician decision-making, and that such information is most
valuable for intermediate-risk patients, for whom uncertainty is highest (Dai and Tayur 2022).

The decision pattern of avoiding Al for the most uncertain patient groups has been reported in
the literature, albeit driven by different underlying mechanisms. Price et al. (2019) argue physicians
may bear additional legal liability for disagreeing with Al recommendations. Because they are most
likely to disagree with Al for the most uncertain patient populations, they avoid using Al in these
cases to mitigate potential legal liability for using (but not following) AI. Dai and Singh (2020)
provide another mechanism that explains the same phenomenon; that is, physicians avoid using Al
when it is most needed to signal their inherent diagnostic abilities. In our model, physicians do not
face legal liability, nor do they have an incentive to signal their skills. Rather, the anchoring effect
is what reduces the informational benefit of obtaining additional information from Al to the extent
that it is optimal not to use it for the most uncertain patient populations. This effect provides a
novel mechanism for an important concern about the underuse of Al in medical decision making.

Our theoretical result, rooted in the psychological concept of anchoring, suggests physician-Al
collaboration may, in some instances, yield worse outcomes than physician decision-making alone.
Empirical evidence supports this finding: in a recent randomized clinical trial of 50 physicians (Goh
et al. 2024), the use of an Al chatbot failed to significantly improve diagnostic performance, largely
because physicians frequently dismissed the chatbot’s recommendations when they contradicted
their own initial diagnoses.

Finally, we analyze a real-world dataset of glaucoma patients to evaluate the benefits of incor-
porating prior probabilities and the anchoring effect in selecting optimal patient-specific pathways.
We use a probit model to predict the likelihood of glaucoma based on demographic and clinical
characteristics and compare the total expected costs of a missed diagnosis and unnecessary treat-
ment under three standard pathways: no Al, Al as a gatekeeper, or Al as a second opinion for all
patients. For low specialist sensitivity and high cost of a missed diagnosis, using a highly sensi-

tive AT as a second opinion can reduce costs by approximately 38%-68% relative to no Al and by
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23%-46% relative to Al as a gatekeeper. When the cost of a missed diagnosis equals unnecessary
treatment, using AT as a gatekeeper reduces costs by about 25%-45% relative to no AI and by 23%-
45% relative to Al as a second opinion. For specialists with high sensitivity, an indiscriminate Al
use can worsen performance, especially when the cost of a missed diagnosis is significantly higher
than the cost of unnecessary treatment.

Our research contributes to the growing effort to improve access to healthcare services in resource-
constrained settings by operationalizing Al-enhanced patient pathways. Similar to the approaches
explored by Olsder et al. (2023) in improving the availability of treatments for rare diseases through
outcome-based payment schemes, and by Lee et al. (2013), Mehta et al. (2016), and Chen et al.
(2021), among others, in facilitating large-scale healthcare delivery in rural areas through vehicle
management, our work aims to reduce the cost of access and improve the quality of healthcare. By
deploying Al as a gatekeeper or second opinion, we address critical gaps in healthcare efficiency and
provide practical pathways for integrating AI into routine medical decision-making, particularly
where healthcare resources are limited.

Our work also advances the understanding of the optimal sequencing of human and AT inter-
ventions in service operations, drawing a parallel to optimal design problems in supply chain and
service operations. Inspired by Lee and Tang (1997), who explore the intertemporal trade-offs of
product differentiation, we consider expedited versus delayed patient differentiation: using Al as
a gatekeeper leads to earlier patient classification, whereas using Al as a second opinion defers
this decision. We investigate the impact of different Al integration points on healthcare outcomes
and provide insights into how Al can be effectively embedded in healthcare workflows to improved

patient outcomes.

2. Literature
Our paper builds on and advances several streams of literature: sequencing and cognitive biases,
quantitative models of sequential decision-making, human-AT interaction, and service design. In
addition, our paper relates to the medical literature on the role of Al in clinical decision-making.
First, anchoring bias is among the most robust cognitive effects documented in psychology (Tver-
sky and Kahneman 1974). This bias occurs when decision-makers rely disproportionately on the
first piece of information (the “anchor”) when forming judgments, even when subsequent informa-
tion is available. Anchoring bias has been observed across diverse settings involving quantitative
judgments and is recognized as a key cognitive bias contributing to diagnostic errors in medical
decision-making (Ogdie et al. 2012). Kahneman and Miller (1986) introduce a norm theory in

which events are evaluated against a reference norm—a consolidation of past experiences. Events
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resembling the norm are perceived as unsurprising, with their evaluation anchored to this baseline.
Conversely, events that deviate markedly from the norm elicit surprise.

Anchoring bias is widely acknowledged in the medical community. Ly et al. (2023) provide
empirical evidence that emergency room physicians are influenced by the patient’s stated reason
for visit—information recorded prior to the physician’s evaluation—resulting in underdiagnosis of
conditions not mentioned in the initial presentation. Rastogi et al. (2022) explore the effects of
anchoring bias on diagnostic accuracy through experimental studies. Similarly, Bach et al. (2023)
qualitatively examine how anchoring bias manifests in clinical settings with the introduction of Al
support systems. To the best of our knowledge, this study is the first to investigate the impact of
anchoring bias on diagnostic decisions that involve both a specialist and a diagnostic tool.

Second, the literature has established a mathematical foundation for modeling sequential
decision-making. Jin et al. (2023) extend norm theory (Kahneman and Miller 1986) by modeling
the norm as a weighted average of the risk levels of previous patients. In their framework, physi-
cians adjust the risk assessment of a new patient relative to this norm. The adjustment varies with
the perceived difference between the anchor (norm) and the current case. Small differences result
in estimates positively correlated with the anchor, whereas large differences lead to overcompensa-
tion, producing negative correlations. Jin et al. (2023) validate their model using a large dataset,
providing empirical evidence of anchoring bias in the form of positive auto-correlation in physician
decisions. For instance, physicians were more likely to admit patients or order additional tests for
a current patient if they had done so for the previous one.

Lieder et al. (2012) develop and validate a Metropolis-Hastings model to describe the psycho-
logical process underlying probabilistic inference as a sequence of adjustments to an initial anchor
(anchoring-and-adjustment). In this model, adjustments that increase the estimate’s likelihood are
always accepted, while less probable adjustments are accepted with a probability proportional to
their posterior likelihood relative to the anchor.

Although Jin et al. (2023) and Lieder et al. (2012) propose distinct approaches—a risk/utility-
based model and a probabilistic choice/acceptance model, respectively—their core principle is
similar: adjustments significantly deviating from the anchor override it entirely, whereas smaller
deviations retain a strong residual influence of the anchor. Building on the Metropolis-Hastings
algorithm, our paper develops a tractable framework for modeling sequential diagnostic decision-
making.

Third, and most relevant to our work, the literature has examined human-AlI interaction and re-
lated service-design principles; see Dai and Tayur (2022) for an overview of research opportunities in
this area. Studies typically focus on designing Al systems that account for human behavior (Grand-

Clement and Pauphilet 2023), analyzing the interactive decision-making process (de Véricourt and
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Gurkan 2023), or triaging patient cases to determine whether AI or human physicians should han-
dle them (Dvijotham et al. 2023). For instance, Orfanoudaki et al. (2022) use surveys to identify
optimal designs for human-Al collaboration. However, empirical evidence highlights the challenges
of such collaboration. In a randomized clinical trial involving 50 physicians (Goh et al. 2024), Al
chatbot recommendations did not consistently improve diagnostic accuracy, because physicians
often disregarded suggestions that conflicted with their initial diagnoses.

Several recent papers shed new light on Al-augmented healthcare Adida and Dai (2024) inves-
tigate how different physician payment systems influence the use of confirmatory tests (or Al) in
healthcare diagnostics. Fiigener et al. (2022) find human-AI collaboration is most effective when
AT delegates tasks to humans, but not vice versa. Similarly, Agarwal et al. (2024) study human-Al
collaboration in radiology, showing AI’s confident predictions enhance radiologists’ performance,
yet its performance declines when Al provides uncertain recommendations. Lai et al. (2024) explore
regulatory approaches for medical Al, emphasizing the strategic role of flexible oversight in en-
couraging compliance during algorithm retraining. Luan et al. (2024) analyze liability frameworks
addressing Al biases and find stringent liability can unintentionally lead to biased usage patterns
among healthcare providers. Mullainathan and Obermeyer (2021) highlight how systematic errors
in risk estimation can lead to both under-testing and over-testing, emphasizing the importance of
incorporating physician errors into decision models—a perspective consistent with our modeling
of anchoring bias. Dai and Singh (2024) examine how physicians’ liability concerns shape their
decisions to use Al in treatment planning, showing current liability frameworks can lead to both
overuse and underuse of AI. Whereas our research aligns with these studies, our focus differs:
we examine how anchoring bias affects the optimal sequencing of Al and specialists in diagnostic
workflows.

Our work also relates to the design and analysis of gatekeepers in service systems. The analytical
literature in this domain (see, e.g., Shumsky and Pinker 2003) focuses on the gatekeeper’s opti-
mal transfer (to the service expert) response to different incentive schemes and congestion levels.
Hathaway et al. (2023) empirically test the predictions (hypotheses) of such an analytical model.
Freeman et al. (2021) use data from visits to an emergency department (ED) to show a gatekeeping
unit (that decides patient discharge or admission to the hospital) reduces both unnecessary hospi-
talizations and wrongful patient discharges. To our best knowledge, we are the first to analytically
model the anchoring effect of using a gatekeeper and its implication for the quality of diagnosis
(overall missed diagnosis and unnecessary treatment). Further, we investigate the settings and
patient risk levels under which using a gatekeeper is beneficial.

Beyond healthcare, Balakrishnan et al. (2022) conduct laboratory experiments to investigate the

factors driving over- and under-adherence to algorithmic recommendations when humans possess



8 Dai and Singh: Using Al as Gatekeeper or Second Opinion: Designing Patient Pathways for AI-Augmented Healthcare

private information. Cui et al. (2022) use field experiments on online platforms to compare supplier
pricing behavior when responding to human buyers versus Al-based chatbots. Our work is distinct
in both methodology and research focus, as we analyze and optimize the role of Al in patient
pathways, accounting for the cognitive impact of anchoring bias. Gurkan and de Véricourt (2022)
examine contracting and pricing decisions related to Al adoption, while Miao et al. (2024) provide
empirical evidence on how Al investment in human capital positively affect focal firms and generate
spillover benefits for their suppliers.

Our work also relates to the service operations literature on the optimal sequencing of activities
to maximize the total service utility of the customer under acclimation, memory decay, and higher
memorability of the peak event (Das Gupta et al. 2016, Li et al. 2022). Our work is distinct in
that we do not optimize for customer experience but rather for the costs of diagnostic errors under
service sequencing when the first outcome serves as an anchor for the final diagnosis.

Finally, our paper contributes to the medical Al literature, which increasingly focuses on scaling
ATl in healthcare delivery (Abramoff et al. 2024). Recent clinical trials and observational studies have
explored the real-world performance of Al in medical practice. For example, Mathenge et al. (2022),
in a randomized controlled trial in Rwanda, find that Al-supported DR screening with immediate
results increased referral adherence by 30% in the intervention group compared to the control group.
Ruamviboonsuk et al. (2019) report that a deep learning algorithm achieved significantly higher
sensitivity (0.97 vs. 0.74) and slightly lower specificity (0.96 vs. 0.98) than human graders for DR
screening. Xie et al. (2020) conduct a data-driven economic analysis demonstrating semi-automated
AT screening for DR is the most cost-effective compared to fully automated Al or physician-only
screening. Similarly, Wolf et al. (2020) and Ahmed et al. (2024) demonstrate autonomous Al
systems for DR screening can be both cost-saving and cost-effective for children with diabetes at the
individual patient and system levels. In a more recent randomized controlled trial in Bangladesh,
Abramoff et al. (2023) show using an autonomous Al system as a triaging tool at an eye hospital
increases physician productivity by 40%. Relevant to our focus on Al as a second opinion, American
College of Radiology (2021) present a case study on the impact of Al in diagnosing and triaging
radiology images at a large medical center, highlighting improvements in workflows and radiologists’
learning. These findings motivate our exploration of how Al-generated diagnoses can augment

physicians’ diagnostic decision-making.

3. Model
We study sequential decision-making by AI and the specialist, where the final decision-maker,
the specialist, assimilates two independent pieces of information: the assessment of AI and the

specialist’s own independent assessment to make the final judgment.
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3.1. Anchoring and Adjustment
We use a two-step anchoring and adjustment model, as presented in Lieder et al. (2012), to cap-
ture the diagnostic decision-making under sequential and independent assessments by Al and a
specialist. For example, when Al is used as a gatekeeper, the patient is referred to a specialist
only if Al generates a positive screening result; in this scenario, Al’s diagnosis acts as an anchor
and the specialist’s diagnosis acts as an adjustment to the anchor. Conversely, when Al is used as
a second opinion, the specialist’s diagnosis is the anchor and AI’s diagnosis is the adjustment. If
the strength of the adjustment (the probability that the true condition aligns with the adjustment
given the anchor) is greater than the strength of the anchor (the probability that the true condition
aligns with the anchor given the adjustment), the adjustment is always accepted. Otherwise, the
acceptance probability of the adjustment is equal to the ratio of the strength of the adjustment to
the strength of the anchor.

We consider a two-step process whereby an initial diagnosis (the anchor) is followed by another
independent diagnosis (the adjustment). The acceptance probability of the adjustment =’ over the

anchor z is defined as

1 if x'=x

min{l M} if x’;éx.

’ Pr(z) Pr(z/|z)

A(a'|) = (1)
Here, Pr(y) represents the probability of the true condition being y, and Pr(z|y) represents the
conditional probability of observing z given the true condition y. We refer to Pr(a’) Pr(x|z’) as the
strength of the adjustment and Pr(z)Pr(z'|z) as the strength of the anchor. The model anchor
influences the final decision as follows: when the adjustment equals the anchor, the anchor is
retained. However, when the anchor differs from the adjustment, it still overrides the adjustment
with a residual probability (equal to 1-acceptance probability).

Notably, (1) coincides with the Metropolis-Hastings algorithm (Hastings 1970, Lieder et al. 2012)
that has been used in the literature to capture the psychological process underlying probabilistic
inference as a sequence of adjustments to an initial guess. In our setting, the potential states are
denoted as {1,0}, representing positive and negative states, respectively. Let « and 8 denote the
sensitivity (probability of positive diagnosis when the true state is 1) and the specificity (probability
of negative diagnosis when the true state is 0), respectively.

Because the AI system and the specialist differ in their sensitivity (s, «g) and specificity
(Bar, Bs), the probability P(z]y) of a diagnosis z given the true state y depends on whether the
diagnosis is made by the AI or the specialist. Table 1 presents the probabilities of the two true
states (y =0, 1) alongside the probabilities of positive and negative diagnoses by the Al and the

specialist for each state.
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True State (z) Diagnosis (y) P(z) P(y|z) with ATl P(y|z) with Specialist

1 0 P 1—oar 1—as
1 1 p QAT Qg
0 0 1-p Bar Bs
0 1 1-p 1 —Bar 1-8s

Table 1 Probabilities of true states and diagnoses by Al and the specialist.

ExXaAMPLE 1. Suppose Al first generates a positive diagnosis, and then the specialist generates
a negative diagnosis. The acceptance probability of the specialist’s negative diagnosis is using (1),
1-p)(1-—
A(S=0|AI =1) :min{l, (1 =p){1 = Bar) }
p(1—as)

The acceptance probability is higher for smaller values of p, indicating a lower prior probability

that the patient has the condition. In addition, a higher value of g, implying the specialist rarely
misdiagnoses positive cases, increases the acceptance probability. Conversely, a higher 84; value,
implying Al rarely gives false-positive diagnoses, decreases the acceptance probability. Similarly, we
can obtain the acceptance probabilities A(S =1|Al =0), A(Al =0|S=1), and A(Al =1|S=0)
(see the appendix).

3.2. How Anchoring and Adjustment Make Sequencing Matter
Under the anchor-adjustment model, the sequence in which diagnoses are made by Al and/or the
specialist influences the likelihood of receiving a positive or negative diagnosis.

ExXAMPLE 2. Consider a case where Al gives a positive diagnosis but the specialist gives a
negative diagnosis. Under the anchoring and adjustment model, the probability of the final diagnosis
depends on whether the patient saw Al or the specialist first.

e Al as a gatekeeper (Al first): The probability of retaining AIl’s initial positive diagnosis over
a second negative diagnosis by the specialist is
(1—p)(X —Bar) }

p(1—as) '

e AT as a second opinion (specialist first): The probability of accepting a positive diagnosis by

1—min{l,

AT after an initial negative diagnosis by the specialist is

mm{l’ 2o B }

In Example 2, consider a case where the independent diagnoses by the Al and the specialist are

4 ; ; (1-p)(A-Bar) : (1—Bar)
positive and negative, respectively, and pliag > 1, which holds when p < T Bant(i=ag)" Under

these conditions, the probability of a positive diagnosis is zero when the Al acts as a gatekeeper.
In contrast, when the Al provides a second opinion, the probability of a positive diagnosis is

p(l-ag)
(1-p)(1—=Bar) "
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3.3. Model Limitations

Our model assumes the diagnoses made by the specialist and Al are independent of the prior. This
assumption, though potentially counterintuitive in extreme cases, proves analytically useful. For
example, if p =0 (indicating no probability of disease), the specialist could still make a positive
diagnosis with probability 1 — 8s. Similarly, if p =1, the specialist could give a negative diagnosis
with probability 1 — ag. However, we contend that in scenarios with extremely low or high priors,
the question of diagnosis—and consequently the optimal clinical path for the patient—becomes
largely irrelevant and thus beyond the scope of our paper.

A more realistic assumption would posit that the prior p ensures the specialist’s diagnosis aligns
with economic rationality under Bayesian posterior beliefs. Specifically, if the specialist makes
a positive diagnosis, their posterior belief would justify flagging the disease as present as the
“economically” optimal decision. Similarly, a negative diagnosis would correspond to a posterior

belief that makes it “economically” optimal to conclude the disease is absent. Equivalently,

poLs (1-p)(1—Bs) (1-Bs)Cr
pas+ (1 —p)(1—PBs) szas+(1—p)(1—ﬁs)CT <:>pZaSCM+(1_BS)CT’
p(1—as) (1-p)Bs BsCr
P —as) T (LB " = p—as)+ (1 —p)Bs " 7= {1 as)Cu + BsCr’

If we impose the same restrictions on Al, we obtain

p<p<p,

(1—Bar)Cr (1-Bs)Cr }

aarCrr+ (1= Bar)Cr’ asCy+(1—Bs)Cr |’

min{—_BuCr i
(1 —aar)Cux+ BarCr’ (1—as)Chy + BsCr

p:max{

This regime implies both the specialist and the Al declare positive outcomes as positive and
negative outcomes as negative, consistent with their Bayesian posterior beliefs. We argue imposing

these restrictions on the prior p does not alter the qualitative insights derived from our analysis.

Furthermore, if =25 and 1=£AL are sufficiently small, and =25 and 1=%AL are similarly small, the
asg QAT Bs Bar

range of p satisfying p < p < p spans nearly the entire interval (0,1).

4. Optimal Patient Pathway Design with Al

The use of Al in a healthcare delivery system has been proposed in two possible configurations—as
a gatekeeper (to selectively refer patients to the specialist) or as a second opinion (to confirm or
refute the specialist’s diagnosis). The potential benefit of the first approach is to reduce the cost
of specialist consultation, especially in the presence of capacity constraints. The potential benefit

of the second approach is improved accuracy. Despite the potential benefits of Al, the perceived
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risks of missed diagnoses and unnecessary treatment due to Al act as barriers to the adoption of
AT Section 4.1 and Section 4.2 analyze these risks when using Al as a gatekeeper and as a second
opinion, respectively. Section 4.3 compares both strategies (and the case without AI) to derive the
condition for each strategy to be the least risky. For the remainder of the paper, we assume both

AT and the specialist are imperfect (as, Bs, aar, Bar <1).

4.1. Al as a Gatekeeper

A key concern with using Al as a gatekeeper is its potential to restrict certain patients’ access
to specialists, thereby increasing missed diagnoses. At the same time, Al as a gatekeeper could
reduce unnecessary consultations and treatments. Proposition 1 demonstrates that whereas Al
as a gatekeeper may increase the probability of missed diagnoses in certain scenarios, it can,

counterintuitively, reduce the probability of missed diagnoses in others.

Proposition 1 If a,; < ag, then for all priors p, Al as a gatekeeper has a higher probability of
a false-negative diagnosis (missed diagnosis) than the specialist alone. Otherwise, if aar > g, a
threshold 75, € (0,1] exists:

G _ (1 —Bar)
M= Ba)+ (1= 22

QAT

1. Al as a gatekeeper reduces the overall probability of a false-negative diagnosis (missed diagno-
sis) if and only if p € (15, 1].

2. Al as a gatekeeper increases the overall probability of a missed diagnosis for all priors p €
0,75).

3. The threshold Tﬁ is increasing in ag but decreasing in sy and Bag.

For a given prior p, the probability of a missed diagnosis when the patient is seen only by the
specialist, denoted Pj;(p), is the probability that the patient has the disease and the specialist

provides a negative diagnosis; that is,

PY(p) =p(1—as). (2)

In a gatekeeper Al system, a missed diagnosis can occur in two ways: (1) AI misdiagnoses a positive
case as negative, or (2) AI correctly identifies a positive case, but the specialist subsequently
makes a false-negative diagnosis and overrides Al’s positive diagnosis. The probability of a missed

diagnosis with Al as a gatekeeper is

Pgi(p) =p(1 — ar) + paar(1 _as)min{l, (1=p)(1 = Bar) }

p(1—ag)
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which simplifies to:

: (1-Bar)
p(1—aaras) ifp< Gp,rti-as) (3)

Pyi(p) = _
p(1—aar)+ (1 —p)aar(l1—pFar) otherwise.

The use of Al as a gatekeeper introduces two competing effects. First, it can increase the number
of false negatives (missed diagnoses) beyond those made by the specialist alone. Second, it can
reduce missed diagnoses by correcting some of the specialist’s errors, as Al’s positive diagnosis
serves as an anchor that influences the specialist’s decision-making. The dominance of these effects
depends on AT’s sensitivity (aar) and the prior (p). If aar < ag, AI will not reduce missed diagnoses,
because the first effect dominates. When a4; > ag and the prior p is small, the specialist is more
likely to disregard AI’s positive diagnosis (see Example 2). However, as p increases, a positive
diagnosis from Al becomes a stronger anchor, making the specialist less likely to uphold a negative
diagnosis. In this case, the second effect dominates, leading to fewer missed diagnoses.

The strength of this anchoring effect relative to the adjustment depends on AI’s specificity and
the specialist’s sensitivity. The viable region where gatekeeper Al can reduce missed diagnoses
expands with higher Al specificity (fewer false-positives) and decreases with the specialist’s sensi-
tivity (fewer false negatives). Additionally, the viable region grows as AI’s sensitivity «4; increases,
because higher sensitivity lowers the probability of Al incorrectly screening out positive cases.

Next, we show that, contrary to expectation, Al as the gatekeeper may increase the overall

probability of a false-positive diagnosis and may thus lead to unnecessary treatment.

Proposition 2 If 84; > Bs, Al as a gatekeeper decreases or maintains the probability of a false-
positive diagnosis (unnecessary treatment) across all priors p. Conversely, if Bar < Bs, a threshold

75 € (0,1] exists:
G _ (1 —Bar)?
T = VIR
(1= Bar) + (1 as)(1— )

1. Using Al as a gatekeeper increases the probability of a false-positive diagnosis for all priors

pe (7,1].

2. Using Al as a gatekeeper reduces the probability of a false-positive diagnosis for all priors
pe[0,75].

3. The threshold 78 increases with ag but decreases with Bs. It decreases with Bz if Bar < 2Ps—1,

and increases with Bar otherwise.

For a given prior p, the probability of unnecessary treatment when the patient is seen only by the
specialist, denoted P2(p), is the probability that the patient does not have the disease and the

specialist provides a positive diagnosis

PY(p)=(1—p)(1—Bs). (4)
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Under a gatekeeper Al system, unnecessary treatment can occur in two scenarios: (1) when both
AT and the specialist incorrectly diagnose a negative case as positive, or (2) when Al incorrectly
diagnoses a negative case as positive, and the specialist correctly diagnoses it as negative but
retains Al’s initial positive diagnosis. The overall probability of unnecessary treatment with Al as

a gatekeeper is:

PE(p) = (1=p)(1 = Bar)(1 = fs) + (1= p) (1~ Bar)s <1 ‘mm{l’ - ;Z) (_1;5“) }> ,

which simplifies to

(= Pan) = Fs) if < s sy

PC(p) = (1—0p)-
7 (p)=(1-p) (1= Bar) (1= Bs) + (1= Bar)Bs <1 _ M) otherwise.

()

p(l—ag)

For low values of p, the specialist’s negative diagnosis acts as a strong adjustment, using Al as a
gatekeeper reduces unnecessary treatments. This occurs because negative cases incorrectly flagged
as positive by Al are likely to be overturned by the specialist’s negative diagnosis when p is low.

The larger the threshold 7, the broader the set of prior values p for which Al as a gatekeeper
reduces unnecessary treatment. Interestingly, the region where gatekeeper Al reduces unnecessary
treatment expands with ag (the specialist’s sensitivity) and contracts with s (the specialist’s
specificity). This result contrasts with the intuition that the region should expand as AI’s specificity
increases. However, initially, the region contracts as S4; increases until 84; reaches a sufficiently

high value (approximately 285 — 1), after which the region expands as 47 increases further.

4.2. Al as a Second Opinion

Intuitively, using Al as a second opinion after the specialist has made an independent diagnosis
offers a potential way to reduce the risk of both missed diagnoses and unnecessary treatments.
However, as Propositions 3 and 4 show below, whereas Al as a second opinion can deliver its

anticipated benefits in certain scenarios, it may have the opposite effect in others.

Proposition 3 A threshold T3, exists such that Al as a second opinion increases the probability of
missed diagnoses for all p € [0,75;) and reduces (or maintains) the probability of missed diagnoses

for all p € [T3y,1]:

as(l—aar)(1=Bar) ; < < 1=Bar aar(1—ag)?
asr(l—ag)?+ag(l—aar)(1-Bar) if s < car and 0 < 1-Bs — ag(l—asr)?
S _ as(1-Bg) ; 1-BAr « s
™ =\ as(1—Bs)taar(l—ag) if as > aar and 0 < 1-Bs < aur

as(1-Bs)(1—Bar)
Ves(1=Bs)1-Bap+y/aar(1-ag)?

otherwise.

REMARK 1. Even when AI performs worse than the specialist in both dimensions (as; < ag
and B45 < Bs), using Al as a second opinion can reduce the probability of a missed diagnosis. By

contrast, Al as a gatekeeper reduces the probability of a missed diagnosis only when a4; > ag.
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The probability of a missed diagnosis when the patient only sees the specialist is Py, (p) =
p(1 —ag). When Al is used as a second opinion, a missed diagnosis can occur in three situations:
(i) if both the specialist and Al incorrectly diagnose the patient as negative; (ii) if the specialist
correctly diagnoses a positive case as positive but Al misdiagnoses it as negative, and the specialist
accepts Al’s incorrect diagnosis; or (iii) if the specialist incorrectly diagnoses a positive case as
negative and Al correctly identifies it as positive, but the specialist maintains their original negative
diagnosis.

The probability of a missed diagnosis when Al is used as a second opinion is

Py (p) =p(1 = as)(1 = aar) +pas(1 —aAI)min{L(lp_(f)—(la;fS)}

p(1— ag)aar (1—min{1, (119;1)(_10:%“)}). (6)

Furthermore,
in o, (o000} P S i g
mm{L p(1—as) }: s P
(L=p)(1 = Bar) 1 if p> GoasiAs -
If — 1=Bas 1-8s

1 as)t(-BaD = T-annt(1Fs)’
. o praar(l-ag)? . 1-Bar
(1 = asaar) = G5, | ifp< aaprasn

S _ . 1-8 1-8
Pii(p) =4 p(1—aar) if s tioman <P < a0

[p(1—as)(I—aar) + (1 -plas(l—pBs)] ifp> %-

. 1— 1—
The complementary case (i.e., (kas)f(?i%[) > (17%1)%17(35))

follows similarly:

2 2
_ _ praar(l-oag) ; 1-Bs
P —asaar) - G5iasy] i< aainriss)

Pyi(p) = { Ip(1—as) — % +(1—pas(1—-ps)] if m <p< @%7
[p(1 —as)(1 —aar) + (1 —p)as(l - Bs)] ifp= (1_(1;)1%-
(8)
For small prior values of p, the strength of the adjustment exceeds that of the anchor, making
the adjustment more likely to be accepted. As a result, using Al as a second opinion may increase
missed diagnoses when priors are low. However, in cases where the specialist initially misdiagnoses
a positive case as negative and Al correctly identifies it as positive, the specialist may still adhere
to their original diagnosis. This is particularly likely when the prior is low, as the adjustment from
Al has a weaker influence compared to the anchor.

The following proposition outlines the condition under which using Al as a second opinion helps

reduce overtreatment:
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Proposition 4 A threshold 77 € (0,1) exists such that Al as a second opinion reduces or main-
tains the probability of unnecessary treatment for all p € [0,72] and increases the probability of

unnecessary treatment for all p € (75,1]:

Bar(1—Bs) : l-asr o~ Bs
ﬂAI(l—ﬂS)+BS(1;aS) if Bs > Par and 0 < l—ag < BAI ,
S _ (1-Bs)"Bar ; l-—aar o~ Bar(1-Bs)
TT = \ 0—B5)2Bar+Bs(1—Ban)(I—aar) if Bs < Bar and 0 < l-ag S Bs(1—Bar)?

v (1-Bs)2Bar

otherwise.
V(1=85)28a1++y/(1—aar)(1-as)Bs

The probability of unnecessary treatment when the patient only sees the specialist is (1 —p)(1 —
Bs). When Al is used as a second opinion, unnecessary treatment occurs when a negative case is
misdiagnosed as positive and treated unnecessarily, which can happen in the following cases: (i)
Both the specialist and Al give a positive diagnosis; (ii) the specialist gives a positive diagnosis
and Al gives a negative diagnosis, but the specialist retains their original positive diagnosis; or
(iii) the specialist gives a negative diagnosis and Al gives a positive diagnosis, with the specialist
accepting AI’s positive diagnosis. The overall probability of unnecessary treatment when Al is used
as a second opinion is given by

PR() =1 p)(1 = Be)(1 — Bar) + (L)1 = Be)ar (1-min {1, - DO=AI )

=1 panmin {1,  PECE )

I 1-Bar < 1-Bsg
1-Bar+l—ag — 1-Bg+l—ayg’

(1=p)(1 = Bs)(1 = Bar) +p(1 — as)Bs if p< A
Pﬁ(p): (1_p)(1_/8A1) if %<p< 1-Bg

1-Bart+l—ag 1-Bs+l-aar’

20132 ) _
(1—p)(1—,3A1)+(1—p)(1—,35)5A1—M if p> 1_5514_%-

p(l—aur)
(10)
: 1-84 1-Bg

Alternately, if 1—5AI+1I—O¢S > Thetioaar

(1-p)(1 = Bs)(1 = Bar) +p(1 —as)Bs if p< ﬁ,

S(p) = (1-p)*(1-Bs)*8 - 1-8 1-5
Pr(p) = (1—P)(1—5s)+P(1—aS)BS—W me<29<m,
T2 a2 . _
(1*p)(l*ﬁAI)"'(l*p)(l*ﬁS)ﬂAI*W if p> %-

(11)

4.3. The Optimal AI Strategy
We consider an altruistic system planner who wants to use Al to minimize missed diagnoses as well

as unnecessary treatments. The results in Sections 4.1 and 4.2 show that whether Al is helpful in
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reducing missed diagnoses or unnecessary treatments depends on the prior probability, p, of whether
the patient has the disease. Suppose the cost incurred by a patient due to a missed diagnosis is
C)y and the cost incurred due to an unnecessary treatment is Cp, and the system planner wants
to minimize the total expected cost of a missed diagnosis and unnecessary treatment for a prior
p. For simplicity, assume the prior p captures the prevalence of the disease.! We investigate the
optimal Al strategy for the system planner by answering the following questions:

1. For what values of p is using Al as a gatekeeper the optimal strategy?

2. For what values of p is using Al as a second opinion the optimal strategy?

3. Is it always optimal to use Al, either as a gatekeeper or as a second opinion, even if it is

costless?

For a prior p, the total expected cost of a missed diagnosis and unnecessary treatment under no

Al AT as a gatekeeper, and Al as a second opinion are, respectively,

Co(p) = Cup(l —ag) +Cr(1 —p)(1 - Bs), (12)
Ca(p) = Cu Py;(p) + Cr Py (p), and

Cs(p) = CuPyi(p) + Cr Py (p).

Substituting the values of P (p) and P& (p) yields

Colp) = Cup(1 —aaras) +Cr(1—=p)(1 = Bar)(1—Bs) if p<p (13)
GPITY a0 -0t HCuoart - panU-agp0-p-CrosO-5arP0=p? 3
p(l-ag) L
where
o= (1—Bar)
1— .
(1=Par)+(1—ag)
We make the following assumption:
Assumption 1 (1 —our)(1—Bar) <(1—as)(1-PBs)
Under Assumption 1, p; < ps, and the total expected cost under Al as a second opinion is
Cs(p) =
(1-p)?[Cr(1—B5)(A—Ban)]+p(1—p)[Cr (1—Ba) A—aarog)+CrBs(1—ag)(1—Bap]—p aar(1—ag)?Cy ifp<
(I—p)(-Bar) P=mn
Cup(l —aar)+Cr(1—p)(1 = Bar) if pr<p<pa,
Crp(—ag)(1—aan)?p*+(1—aar)(Crros(1—Ls)+Cr(1—BsBar))p(1—p)—CrBar(1—Bs)*(1—p)* if p>
p(l—car) p=p2
(14)

1 To generate sharp managerial insights, we assume both the specialist and Al to be costless. Equivalently, we assume

the system designed is solely concerned about the well-being of the patient rather than the costs of consultation.
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where

(1—Bar)

b — (1-Bs)
YT (= Ban)+ (1 —as)

(1-8s)+(1—aar)

and p, =

Gatekeeper AI vs. No Al First, we investigate the optimal strategy with using Al as a gate-
keeper. Specifically, we find priors where using Al as a gatekeeper has a lower total expected
cost of a missed diagnosis and unnecessary treatment than when AT is not used. Substituting the

expressions from egs. (12) and (13) yields

gi(p) if p<p,

Ca(p) — Colp) = .
g2(p) if p>pi.

where

91(]?) =Cup(l—aar)as—Cr(1—p)Bar(l— /Bs), and
92(p) = Cup(as — aar) + Cur(1 = p)aar(l — Bar)

—Cr(1=p)Bar(1=Bs)+Cr(1 —=p)(1 - Bar)Bs <1 —

(1-p)(1- BAI))

p(1—as) '
When the prior is small (p <p;), the gatekeeper AI’s positive signal has no anchoring effect. The
net expected cost difference between using Al as a gatekeeper and not using Al (g;(p)) is driven
by two factors: the expected increase in the cost of a missed diagnosis with Al and the expected
reduction in unnecessary treatments with Al. The increase in missed diagnosis cost is captured by
(1 — acar)as, representing the probability that AI misses a positive case that the specialist would
have caught. The reduction in unnecessary treatment cost is captured by Sar(1— fg), representing
the probability that Al correctly screens out a negative case that the specialist would have falsely
declared as positive. Further,

CrBar(1—Bs)
Cu(l—aar)as+CrfBar(l—Bs)

91(p) <0 = p<715=

When the prior is sufficiently high (p > p;), the anchoring effect also comes into play. Anchoring
to the positive signal from the gatekeeper Al can, on one hand, help reduce missed diagnoses by
influencing the specialist’s decision. On the other hand, it can also lead to an increase in unnecessary
treatments.

Let D = (Cyaar(1—Bar) + Cr(Bs — Bar))*(1 — as)? + 4Cy CrBs(1 — Bar)? (s — car) (1 — as).
Suppose ag # ayr. For D >0,

92(p) <0 <= (as —aar)(p—76)(p—76) <0,
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where

VD — (1 —ag)(Cyoar(1 = Bar) + Cr(Bs — Bar))
VD — (1 —ag)(Craar(1—Bar) + Cr(Bs — Bar)) + 20w (as — aar) (1 — as)
e VD + (Cyaar(1=Bar) +Cr(Bs — Bar)) (1 —as)
© VD (Crraar(1— Bar) + Cr(Bs — Bar) +2Cw(aar — ag))(1 —ag)

Q\L‘
I

(15)

For D >0 and ag < aar, the use of Al as a gatekeeper reduces the total cost for low and high
prior probabilities. Conversely, for D >0 and ag > a4;, Al as a gatekeeper reduces the total cost
for intermediate priors. When D < 0 and ag < aaz, g2(p) <0 for all p € [0,1], meaning Al as a
gatekeeper reduces the total cost across all prior probabilities. By contrast, for D < 0 and ag > a4,

g2(p) > 0 for all p € [0,1], indicating AT as a gatekeeper increases the total cost for all priors.

Proposition 5 (Gatekeeper AI vs. No AI) Suppose Ss > far. The following conditions de-
termine when Al as a gatekeeper yields a lower or equal total expected cost of a missed diagnosis
and unnecessary treatment compared to the case in which Al is not used:

¢ Bar(l—ag)(1-Bs) a c
1. If ag < ayr and % > a:(LaAf)(k@jI)f D >0, and 0 <78 <75 <1, and the total expected

cost under Al as a gatekeeper is less than or equal to that under no Al for all priors p €
[0,7&] U [76, 1].

2. If ag < aa; and D >0, the total expected cost under Al as a gatekeeper is less than or equal
to that under no A for all priors p € [0, 78] U[7&, 1], provided that either aa; +aaras —2as <

N Cm : Bar(l—ag)(1-Bs) (Bs=Bar)(l-ag)
0 or aar + aaras — 2as >0 and G < mm{as(l_am)(l_ﬁm), oA Toyrag a3 } Under these

conditions, the thresholds 0 < 7& < 7& <1 ensure that AI as a gatekeeper is cost-effective within
the specified prior intervals.

(Bs—Bar)(1—ag) c Bar(l—as)(1—Bs)
8- If as <aar, D20, (aar + aaras = 2as) >0, and 0280000 < G S aglican—an”

. Cm Bar(l—as)(1-Bs)
or if ag < aar, D <0, and O < aolicaan (=B then the total expected cost under Al as a

gatekeeper is less than or equal to that under no Al for all priors p € [0,1].

4. If ag > aa; >0, then D >0 and 7& <0< 7% <1, and %‘Tl < fs"kﬁ(j;jf))((f:gj;) , then the total

expected cost under Al as a gatekeeper is less than or equal to that under no Al for all priors

p € [0,72]. Otherwise, if %—Ag > fﬁﬁ(_l;:“f))((ll__gjl)), then 0 < 7& <1, and the total expected cost

under Al as a gatekeeper is less than or equal to that under no Al for all priors p € [0,7&].

Propositions 1 and 2 show Al as a gatekeeper is useful for high priors to reduce missed diagnoses
(only if aar > avg) and for low priors to reduce unnecessary treatment. Therefore, optimizing for
both missed diagnosis and unnecessary treatment leads to using as a gatekeeper for low and high
priors (for aa; > ag), as shown in Proposition 5 (see Table A4 for the full characterization of the

results of Proposition 5).
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Intriguingly, even when Al is both less sensitive and less specific than the specialist, using Al as
a gatekeeper to reduce unnecessary treatments for low priors may still be optimal. On the other
hand, if Al’s sensitivity is significantly higher than that of the specialist, using Al as a gatekeeper

becomes optimal for all priors.

REMARK 2. In the absence of anchoring, where only the adjustment (the second diagnosis) is

retained, the prior threshold below which Al as a gatekeeper has a lower total expected cost of a

CrBar(1-Bs)
Cy(l—aar)oas+CrBar(1—Bs)’

The value of 7¢& increases with CrfB4;(1 — Ss), which represents the savings in the cost of un-

missed diagnosis and unnecessary treatment than no Al is given by 74 =

necessary treatment when AI correctly provides a negative diagnosis (with probability Sa;) but
the specialist gives a false-positive diagnosis (with probability 1 — 8s). As this savings grows, the
range of priors for which Al as a gatekeeper outperforms no Al widens. Conversely, 7& decreases
with Cp(1 — aar)as, which captures the increased cost of a missed diagnosis when Al incorrectly
provides a negative diagnosis (with probability 1 — ;) while the specialist correctly identifies a
positive diagnosis (with probability ag). A higher value of this term narrows the range of priors
for which Al as a gatekeeper dominates no Al.

The prior threshold above which the anchoring effect exists when Al is used as a gatekeeper is

1-Bar
1-Bartl-ag

more specific, the range of priors where the specialist is anchored to AI’s positive diagnosis expands.

given by p; = . This threshold decreases as §4; increases, indicating that as Al becomes

Conversely, p; increases with ag, showing that as the specialist becomes more sensitive, the range

of priors where the specialist is anchored to Al’s positive diagnosis contracts.

s Cm Bar(l—ag)(1-Bs) : : a . .
The condition o acl-aiD( B.p 18 equivalent to the requirement that 7¢& < p;. This finding

implies that when the cost of a missed diagnosis is sufficiently higher than the cost of unnecessary

treatment, a range of priors exists, including [7%, p1], where the anchoring effect of AI’s positive
diagnosis does not manifest, and no AI outperforms Al as a gatekeeper. Similarly, for D > 0 and
ag < aar, the condition Ch(aar + aaras —2as) < Cr(Bs — Bar)(1 — as) guarantees the existence
of a range of priors where, even when the anchoring effect is present, no Al dominates Al as a
gatekeeper. This condition holds when the difference in specificities (8s — Saz) is sufficiently large

or when the difference in sensitivities (aar — ag) is sufficiently small.

Lemma 1 The expected cost of a missed diagnosis under Al as a gatekeeper is greater than or
equal to the expected cost of a missed diagnosis under Al as a second opinion, that is, for Cr =0,

Ca(p) > Cs(p) for all priors p € [0,1].

Using Al as a second opinion provides more opportunity to reduce missed diagnoses by allowing

the specialist to overrule a negative diagnosis by Al
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Lemma 2 The expected cost of unnecessary treatment under Al as a second opinion is greater
than or equal to the expected cost of unnecessary treatment under Al as a gatekeeper for all priors

pe|0,1].

Using Al as a gatekeeper offers greater potential to reduce unnecessary treatments by effectively
screening out negative cases upfront.

Given the importance of reducing missed diagnoses for high priors and minimizing unnecessary
treatments for low priors, the above lemmas suggest it may be optimal to employ Al as a gatekeeper

for low priors and as a second opinion for high priors. The next result formalizes this intuition.

Proposition 6 If 35> Bar, (1 —aar)(1—PBar) <(1—ags)(1—Bs), Bar <as+aar and Cyy > Cr, a
threshold 7§ exists such that the total expected cost of a missed diagnosis and unnecessary treatment

under Al as a second opinion is less than or equal to that under Al as a gatekeeper for all priors

pin [7§,1]:
CrBs(1—Bar) fb7.§gi >,ﬁs(1*aA1X1*5A1)
a_ CrBs(1=Bar)+Craar(l—ag) Cr apr(l—ag)(1-Bs) ’
Ts = CTﬁAI(1*ﬁS)+CAI«Hﬂ1*BS)*aAI(1*ﬂA1ﬂ(1*QS)+VQ?V for Cu « Bs(—aan)(1-Bar)

|CrBar(1=B5)+Cr(as(1=Bs)—aar(1=Bap)+2a5(1—aup)) | (1—ag)+VD’ Or = aar(l=as)(1=Fs)

where D' = [(CTBAI + Cyoas)(l = Bs) — Cryoar(1 — 5AI)]2(1 —ag)? + 40y Cras(l — ag) [55(1 -

Bar)*(1 —aar) — Bar(1—Bs)*(1 —as)] such that CC—]‘TI < isﬁ(_liz’;)((ll__%‘s’)) = D’ >0. In both cases
0<7§<1.

Table A5 provides a full characterization of the results of Proposition 6. In the proposition, the
assumption (1 —aas)(1—pBar) < (1—as)(1—Bs) ensures Al is not worse than the specialist in both

sensitivity and specificity. For instance, if 8g > S84z, it must follow that ag < a,4r. This condition

1-Bar
1-Bartl-ag’

diagnosis exists, is less than or equal to the prior threshold p, =

also implies the prior threshold p; = above which the anchoring effect of Al’s positive

1-Bs
1-Bg+l-aar

threshold above which the anchoring effect of the specialist’s positive diagnosis exists. Consequently,

, which represents the

when making the final decision, the specialist is anchored to Al’s initial positive diagnosis over a
wider range of priors than they are to their own initial positive diagnosis.
In the absence of the anchoring effect of the specialist’s positive diagnosis, Al as a sec-

ond opinion outperforms Al as a gatekeeper for all priors greater than the threshold 7§ =

CrBs(1—Bar)
CrBs(1—Bar)+Crnaar(l—ag)

creased cost of unnecessary treatment caused by Al when the specialist correctly provides a negative

The value of 7§ increases with CrBs(1 — B4r), which represents the in-

diagnosis (with probability 8s) but AI incorrectly provides a positive diagnosis (with probability
1—Bar). As this cost grows, the range of priors where Al as a second opinion outperforms Al as a

gatekeeper narrows. Conversely, TSG decreases with Cyraar(1 — aig), which reflects the reduction in
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the cost of a missed diagnosis due to Al when the specialist wrongly provides a negative diagnosis
(with probability 1 — a,g) but Al correctly provides a positive diagnosis (with probability a47). A
higher value of this term widens the range of priors where Al as a second opinion outperforms Al
as a gatekeeper.

The condition CM > Bslaa))U-5 AI ) is equivalent to 7§ < p,. This indicates the existence of a

agr(l—ag)(1-Bs)

range of priors, spemﬁcally [7§,pa], where Al as a second opinion outperforms Al as a gatekeeper,

even in the absence of the anchoring effect of the specialist’s positive diagnosis. Conversely, if

Cu « Bs(—aar)(1=far)
Cr — aar(l-ag)(1-Bs)’

opinion, even when the anchoring effect of the specialist’s positive diagnosis is present.

a range of priors exists where Al as a gatekeeper outperforms Al as a second

The next result, derived from Propositions 5 and 6, establishes that when the cost of a missed
diagnosis (C)y) is significantly higher than the cost of unnecessary treatment (Cr), intermediate
priors (i.e., high-uncertainty cases) exist where the no-Al option (i.e., not using AI) results in a
lower expected cost of missed diagnoses and unnecessary treatments compared to using Al as a
gatekeeper or as a second opinion. By contrast, when Cj; and Cr are comparable, it is always

optimal to use Al—as a gatekeeper for low priors and as a second opinion for high priors.

Proposition 7 Consider the values D, 1&, 18, 7&, and 7§ as defined in Propositions 5 and 6.
Suppose the conditions Bs > Bar, Bar < as+ aar, and (1 —aar)(1—Par) < (1 —ag)(1—Bs) hold.
The following strategies describe the optimal use of Al in clinical decision-making:

1. Gatekeeper Al for low priors, no Al for intermediate priors, and second-opinion Al for high

priors: If aarBar(1—as)(1—Bs) < asBs(l—aar)(l1—Bar) and

CfM max »35( aAI)(l_BAI) /BAI(]-_aS)(l_/BS) &
~ {1 04,41(1—043)(1—/85) ,aS(l_aAI)(l_BAI),O[AI}’

T

where 7& < 7§ < 7&, the optimal strategy is:
e For all priors p € [0,7&], Al as a gatekeeper is optimal.
e For all priors p € [7&,75], no Al is optimal.
e For all priors p € [7§,1], AI as a second opinion is optimal.
2. Using Al is optimal for all priors—as a gatekeeper for low priors and as a second opinion for

high priors: If (aar + aaras —2as) >0, D >0, and

max{l (/35—5,41)(1—045) } CM< 5A1(1—Oés)(1—5s)
(car +aaras —2ag) Cr — as(l—aar)(1—Bar) ’

then for all priors p € [0,75], AI as a gatekeeper is optimal, and for all priors p € [7§,1], AI

as a second opinion is optimal.
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In Proposition 7, the assumption aa;8ar(1 — as)(l — Bs) < asfs(l — aar)(1 — Bar) implies

that, in the absence of anchoring effects, the threshold prior above which Al as a second opinion

dominates Al as a gatekeeper, given by o ﬁs(lfgﬁ ﬁ(jgff i{ij(lfas), is higher than the threshold

CrBar(1-Bs) :
(I—aar)as+CrBar(l1-Bs)” This

relationship indicates that, in the absence of anchoring effects, the no-Al option dominates both

prior above which no AI dominates Al as a gatekeeper, given by o

Al as a gatekeeper and Al as a second opinion for prior values lying between these two thresholds.

The restriction on %Z‘Tf in Proposition 7(1) ensures the two thresholds—the one above which

ATl as a second opinion dominates Al as a gatekeeper and the one above which no Al dominates
AT as a gatekeeper—are smaller than the prior thresholds where the anchoring effects of positive
diagnoses by the specialist and Al emerge, respectively. This condition guarantees the existence
of a range of priors where no Al is the optimal strategy. By contrast, the restriction on %1;1 in
Proposition 7(2) implies that Al as a gatekeeper dominates no Al for all priors, and Al as a second

opinion dominates Al as a gatekeeper for all priors above a certain threshold.

A
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® No_Al

ﬁAI

Second_Opinion
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Figure 1 Optimal policy for different values of p and 54; for Cr =50 and Cj; = 150. The numbers on the top

of the graphs are the different values of as.

Figure 1 illustrates how the optimal strategy for using AI varies with the prior p of a patient
having the disease, assuming as; = s = 0.95, while adjusting as (top labels of the graphs) and
Bar (y-axis). When the specialist’s sensitivity is low (g =0.6), Al as a gatekeeper is optimal for
lower priors p and transitions to Al as a second opinion as the prior increases, even when Al’s
specificity is relatively low (Sar = 0.6). As S increases, the range of priors favoring Al as a second

opinion expands, since the primary disadvantage of using Al as a second opinion—its higher risk
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of unnecessary treatments relative to Al as a gatekeeper (see Lemma 2)—diminishes with a higher
Bar. For medium or high ag, the optimal strategy involves using Al as a gatekeeper for low priors,
avoiding Al for intermediate priors, and adopting Al as a second opinion for higher priors. The
range of priors favoring no Al expands when 347 is low, as the lower specificity increases unnecessary
treatments. As the specialist’s sensitivity (ag) increases, Al as a gatekeeper becomes optimal over
a broader range of priors, because the primary drawback of using Al as a gatekeeper—its higher
expected cost of missed diagnoses relative to Al as a second opinion (see Lemma 1)—is mitigated
by a higher ag. Furthermore, the range of priors where no Al is optimal expands with lower Al
specificity (84;) or higher specialist sensitivity (as).

An example satisfying the conditions of Proposition 7(1) is when a; = 0.97, Sa; =0.62, ag =
0.77, Bs =0.95, Cy; = 150, and Cp = 50. In this case, the thresholds are 7& = 0.31, 7§ = 0.35, and
7é = 0.65. For priors p € [0.31,0.35], the no-Al strategy is optimal.

5. Pathfinder: Data-Driven Clinical Workflow Optimization

In this section, we utilize the “Pathfinder” framework to optimize patient pathways based on
individualized risk assessments. We demonstrate the practical implementation of this system us-
ing the PAPILA dataset (Kovalyk et al. 2022), which includes data from 210 glaucoma patients.
This dataset contains structured clinical information—such as age, gender, and various eye-specific
measurements (e.g., refractive error, astigmatism, and lens status)—as well as high-resolution un-
structured data in the form of retinal fundus images for both eyes (Figure 2). The PAPILA dataset
is suitable for developing convolutional neural network (CNN)-based AI models that predict a

patient’s risk profile, enabling personalized clinical decision-making.

(a) Right eye of Patient #68 (b) Left eye of Patient #68
Figure 2 Fundus images from the PAPILA dataset for both eyes of Patient #68. Source: PAPILA dataset

(https://figshare.com/articles/dataset/PAPILA/147980047file=35013982)


https://figshare.com/articles/dataset/PAPILA/14798004?file=35013982
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5.1. Data and Prior Prediction

Our dataset includes both clinical measurements and diagnostic outcomes for a total of 210 patients,
of whom 47 are confirmed glaucoma cases (i.e., Diagnosis = 1 in at least one eye) and 163 are
confirmed negative cases (i.e., Diagnosis = 0 in both eyes).

We train a probit model to predict the prior probability that a patient has glaucoma based on
readily available clinical features: age, gender, diopter values of left and right eyes, astigmatism,
and lens status (phakic or pseudophakic) for both eyes. Figure 3 presents the summary of the
probit model results, which show significant predictive power with an area under the ROC curve
(AUC) of 0.81.

Probit Regression Results

ROC Curve for Entire Dataset

Dep. Variable: Diagnosis  No. Observations: 210
Model: Probit  Df Residuals: 199 10{|— Probit Model (AUC = 0.81)
Method: MLE  Df Model: 10 =77 Random
Date: Sun, 24 Mar 2024 Pseudo R-squ.: 0.2236
Time: 15:46:20 Log-Likelihood: -86.692 .
converged: True  LL-Null: -111.65
Covariance Type: nonrobust LLR p-value: 2.756e-07 .
z
coef std err z P>|z| [0.025 0.975] in.a
&
const -4.9165 0.890 -5.524 0.000 -6.661 -3.172 ¢
Age 0.0670 0.012 5.456 0.000 0.043 0.091 E
Gender -0.4583 0.236 -1.938 0.053 -0.922 0.005 04
dioptre_1_0D -0.0085 0.093 -0.091 0.928 -0.191 0.174 £
dioptre_2_0D 0.1611 0.147 1.098 0.272 -0.127 0.449
astigmatism_OD —-0.0008 0.003 -0.273 0.784 -0.007 0.005 0.2
Phakic/Pseudophakic_0D -0.2965 0.664 -0.446 0.655 -1.599 1.006
dioptre_1_0C -0.0866 0.080 -1.079 0.281 -0.244 0.071
dioptre_2_0C -0.0035 0.026 -0.135 0.892 -0.054 0.047
astigmatism_0C 0.0023 0.003 0.690 0.490 -0.004 0.009 00
Phakic/Pseudophakic_0C 0.6520 0.676 0.964 0.335 -0.674 1.978 V) " 0% Y 08 0

False Positive Rate (FPR)

Figure 3 Summary of results of the probit regression model to predict the prior probability of glaucoma

5.2. Simulating the Pathfinder in a Clinical Workflow

We demonstrate the implementation of the Pathfinder system by assigning each patient to their
optimal path based on the prior probability predicted by the probit model. Following Lim et al.
(2023), we assume specialists have high specificity (95%) but low sensitivity (60%), whereas Al
systems typically have high sensitivity (85-95%) but lower specificity (8570-90%).

In our simulation, each patient is assigned to an optimal clinical pathway—AlI as a gatekeeper,
AT as a second opinion, or no Al—based on expected costs, which account for the costs of a
missed diagnosis (C)y) and unnecessary treatment (Cr). The simulation assesses cost effectiveness
by predicting the prior probability of glaucoma and comparing the expected total costs across the

three pathways.

5.3. Results: Cost Reduction from Using Al
Figure 4 summarizes the cost analysis for different configurations of Al sensitivity and specificity,

alongside the cost savings achieved through personalized pathways using the Pathfinder system.
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alpha_Al beta_Al Pathway

0.85 0.7 No Al 6,455
Gatekeeper 6,227
Second Opinion 4,871
Pathfinder 4,642
0.8 No Al 6,455
Gatekeeper 5772
Second Opinion 4,149
Pathfinder 4,073
0.9 No Al 6,455
Gatekeeper 4,919
Second Opinion 3,025
Pathfinder 2,945
0.9 0.7 No Al 6,455
Gatekeeper 5,741
Second Opinion 4,483
Pathfinder 4,330
0.8 No Al 6,455
Gatekeeper 5,261
Second Opinion 3,729
Pathfinder 3,648
0.9 No Al 6,455
Gatekeeper 4,360
Second Opinion 2,560
Pathfinder 2,485
0.95 0.7 No Al 6,455
Gatekeeper 5,255
Second Opinion 4,042
Pathfinder 4,019
0.8 No Al 6,455
Gatekeeper 4,751
Second Opinion 3,256
Pathfinder 3,189
0.9 No Al 6,455

Gatekeeper 3,800
Second Opinion 2,044
Pathfinder 1,986

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000 6500 7000

Total Expected Cost

Figure 4 Total expected cost of a missed diagnosis and unnecessary treatment for C; = 150, C'r =50, ag = 0.6,
and [Bs = 0.95 under different design configurations, with percentage cost reduction from personalization

over the best standard pathway.

When C)y is three times higher than Cr, using Al as a second opinion results in substantial cost
reductions, particularly when Al sensitivity and specificity are both high. For lower cost ratios,

using Al as a gatekeeper proves more effective in minimizing total costs.

5.4. Managerial Insights

The results of our analysis offer key insights for integrating Al into clinical decision-making, par-
ticularly in the context of glaucoma screening. These insights hinge on the interaction between
specialist expertise, Al performance, and the relative costs of misdiagnosis versus unnecessary
treatment.

First, when specialists have relatively low sensitivity, our findings suggest using AI—whether
as a gatekeeper or a second opinion—Ileads to lower overall costs than scenarios without AI. This
result holds even if Al has average quality, characterized by medium sensitivity and low specificity.
The choice between Al as a gatekeeper or as a second opinion depends on the trade-off between
the costs of missed diagnoses and unnecessary treatments. When the cost of a missed diagnosis,
Cyr, is significantly higher than the cost of unnecessary treatment, Cr, Al as a second opinion

consistently results in lower expected costs, regardless of Al’s sensitivity or specificity. In such
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alpha Al beta Al Pathway
0.85 0.7 No Al 2,695
Gatekeeper 2,338
Second Opinion 2,773
Pathfinder 2,044
0.8 No Al 2,695
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Second Opinion 2,368
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0.9 No Al 2,695
Gatekeeper 1,858
Second Opinion 1,701
Pathfinder
0.9 0.7 No Al 2,695
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Second Opinion 2,624
Pathfinder 1,927
0.8 No Al 2,695
Gatekeeper 1,987
Second Opinion 2,206
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Figure 5 Total expected cost of a missed diagnosis and unnecessary treatment for C; =50, Cr =50, as = 0.6,
and [Bs = 0.95 under different design configurations, with percentage cost reduction from personalization

over the best standard pathway.

cases, Al’s primary role is to reduce false negatives, making it beneficial to use Al as an additional
layer of validation after the specialist.

On the other hand, when Cj; and Cp are similar, using Al as a gatekeeper is generally the
optimal strategy, especially when AI has medium or high sensitivity. Under these conditions, Al can
effectively filter out low-risk cases, reducing the specialist’s workload and minimizing unnecessary
interventions. Interestingly, Al as a gatekeeper achieves greater cost reductions than Al as a second
opinion when Al specificity is low, because it efficiently screens a large patient pool.

Our analysis shows the Pathfinder system, which personalizes the clinical pathway for each
patient based on predicted risk, consistently reduces costs compared to the best uniform approach
across all scenarios. These cost savings are most pronounced when Al is of average quality—mneither
highly sensitive nor highly specific—because personalized pathways tailor the combination of Al
and specialist interventions to optimize outcomes for each patient.

For “highly skilled” specialists with high sensitivity (resulting in fewer missed diagnoses), uni-
formly applying AT to all patients may be less effective, particularly when Al sensitivity is moderate
or specificity is low. When Cj; is much higher than Cp, Al as a second opinion remains advan-

tageous, provided Al meets a sufficient quality threshold. In such cases, Al as a second opinion
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outperforms Al as a gatekeeper when Al has medium sensitivity and high specificity, striking a
balance between identifying true positives and avoiding false positives. Conversely, when C); and
Cr are comparable, Al as a gatekeeper proves more effective, especially when Al sensitivity is high,
as it reduces unnecessary specialist referrals while maintaining its ability to identify high-risk cases.

Moreover, the Pathfinder system’s personalized approach consistently reduces costs compared
to any uniform strategy, even when using Al as a gatekeeper or a second opinion for all patients
is not optimal. The value of personalization is especially evident when AI quality is moderate,
requiring a nuanced approach that considers both the specialist’s skill and Al limitations. Our
results indicate that personalization yields the highest cost reductions when AI has average qual-
ity, making the Pathfinder system’s personalization component critical in balancing the trade-offs
between misdiagnosis and unnecessary treatments.

In summary, these insights underscore the importance of purposefully integrating AT into clinical
workflows, tailoring AI’s role based on both Al system performance and specialist expertise, as well
as the relative costs of diagnostic outcomes. Data-driven patient pathways enable more efficient

allocation of clinical resources, improving patient outcomes while optimizing overall costs.

6. Conclusion

This paper explores how Al can be integrated into healthcare systems to improve patient outcomes,
in line with the U.N.’s Sustainable Development Goal 3 on “good health and well-being.” We show
AT can help reduce missed diagnoses and unnecessary care, particularly for patients at the high and
low ends of the risk spectrum. Yet, for intermediate-risk patients—for whom diagnostic uncertainty
is greatest—the use of Al may lead to worse patient outcomes. Our finding points to the need to
tailor Al integration to individual risk profiles, rather than relying on a one-size-fits-all approach.

Our paper models a physician as a decision-maker influenced by anchoring bias, which affects
patient-pathway decisions when combined with AI. Our analysis shows the sequencing of Al and
human expertise plays a role in influencing patient outcomes. Specifically, using Al as a gatekeeper
can reduce missed diagnoses but may increase unnecessary treatments, due to specialists’ anchoring
on initial AI results. On the other hand, using Al as a second opinion can reduce unnecessary
treatments but potentially lead to more missed diagnoses. These findings are in line with strategic
intertemporal choice in supply chain management (e.g., Lee and Tang 1997).

Using glaucoma diagnosis as a case study, we quantify the cost implications of integrating Al
pathways tailored to patient characteristics. When specialists possess lower diagnostic skill, even
uniform Al pathways—whether as a gatekeeper or a second opinion—can reduce the total expected
cost of care. However, pathways tailored to individual patient characteristics yield greater efficiency,

particularly when the diagnostic quality of Al is moderate. By contrast, for highly skilled specialists,
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uniform Al pathways may increase costs, especially when Al exhibits lower specificity. In these
scenarios, personalized pathways demonstrate consistent value, ensuring Al augments—rather than
undermines—clinical outcomes.

In conclusion, personalized patient pathways for Al-augmented healthcare offer a promising
avenue to improving healthcare delivery. Drawing parallels with principles of supply chain man-
agement, Al-driven personalized pathways can optimize resource allocation and care delivery by
tailoring interventions to patient-specific needs (Dai). By aligning these strategies with the U.N.’s
SDGs, Al can emerge as a transformative tool, driving improvements in patient outcomes across

diverse healthcare settings.
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Appendices

Al: Anchoring and Adjustment in Extreme Cases
Al1.1. AI As a Gatekeeper

We analyze the performance of Al as a gatekeeper in two extreme cases, where prior p=0 or p=1.
Case 1: Let p=0. Suppose Al as a gatekeeper gives a positive outcome, with probability (1 — Sas):

1. The probability that the specialist also gives a positive outcome is (1 — Ss).

2. The probability that the specialist gives a negative outcome is S5. The probability that the specialist
accepts their negative outcome over AI’s positive outcome is

min {1, (0TS

which equals 1 as p — 0.
3. Therefore, the overall probability of a positive outcome as p— 0 is (1 — Sar)(1 — Bg).
Case 2: Let p=1. Suppose Al as a gatekeeper gives a negative outcome, with probability (1 — a ;). If
AT gives a positive outcome,

1. The probability that the specialist also gives a positive outcome is ag.

2. The probability that the specialist gives a negative outcome is 1 — . The probability that the specialist
accepts their negative outcome over AI’s positive outcome is

win {1 SR04

which equals 0 as p — 1.

Thus, a negative outcome occurs when Al gives a negative outcome with probability (1 — ;).

A1.2. AI as a Second Opinion

We now consider Al as a second opinion in the extreme cases of p=0 and p=1.
Case 1: Let p=0. Suppose the specialist gives a positive outcome, with probability (1 — 8s):
1. The probability that Al also gives a positive outcome is (1 — B4;).

2. The probability that Al gives a negative outcome is B4;. The probability that the specialist accepts
AT’s negative outcome over their own positive outcome is

min{L (1];(f)(t;§S) }

which equals 1 as p — 0.
Therefore, the overall probability of a positive outcome as p— 0 is (1 — S47)(1 — Bs).
Case 2: Let p=1. Suppose the specialist gives a negative outcome, with probability (1 — ag):
1. The probability that AT also gives a negative outcome is (1 —aa;).

2. The probability that Al gives a positive outcome is « ;. The probability that the specialist accepts

AT’s positive outcome over their own negative outcome is

which equals 1 as p — 1.
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3. Therefore, the overall probability of a negative outcome as p— 1 is (1 —aas)(1 — ag).
Suppose the specialist gives a positive outcome:
1. The probability that Al gives a negative outcome is 1 — a4;. The probability that the specialist accepts
AT’s negative outcome over their own positive outcome is
min {1) (1-p)(1—Bar) } ’
p(1—as)
which equals 0 as p — 1.

True Condition = 1
P(Missed Diagnosis)

Gatekeeper Al Second Opinion Al No Al

p(l—ag) p(l—car)

(1—aar)+aar(l —as)min{l, 7(1_1])(1_’8“)} (1—ag)(1—aar) +as(l —aAI)min{L 7(1_”)(1_55)} 1-—ag
+(1—as)aar (1 — min{l, 7(1f£;afsﬂlj) })

Table Al Probabilities of Missed Diagnosis

True Condition = 0
P(Unnecessary Treatment)

Gatekeeper Al Second Opinion Al No Al
(1= Bar)(1- Bs) (1= Bs) (1= Bar) + (1= Bs)Ba (1 —min {1, BU=BA L) [1 g
(1 Bar)Bs (1-min {1, 0590=2a0 1) +As5(1 = Bar)min {1, 20525 }

Table A2 Probabilities of Unnecessary Treatment

A2: Technical Proofs

Proof of Proposition 1: From eqgs. (2) and (3), the probabilities of missed diagnoses under gatekeeper Al
(P& (p)) and under specialist alone (PY;(p)) equal

; (1-Bar)
p(l—aaras) if P a0
Pii(p) = (=fantlzes) = pY (p) =p(1—as).

(p(1—aar)+ (1 —p)aar(1—LBas)) otherwise
The expected probability of a missed diagnosis under specialist alone is p(1 — ag). Because p(l — ag) <

p(1 —aarag), Al as a gatekeeper reduces the probability of a missed diagnosis if and only if

(I_BAI)
(1=Ban)+(1—as)

p(1—as)>p(l —aar)+ (1 —plaar (1 —Bar) and p>

Equivalently,
a
p((1=Bar)+ (1= —=)) > (1= Bar).
Qar
If (1= Bar) + (1 — 75) <0, no feasible value of p exists. Otherwise,
1— 1-—
p> (1—Bar) and p> (1—Bar)

(1=Ban)+(1—35)

QAT

(1=Bar)+ (1 —as)
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If aug >og,

B _as " (1—Bar) (1—Bar)
a2 e > g T (=22 " T Ban + (- as)
and
o (1—Bar)
T A B (- 2=y

If s < ag and (1*6AI)+(1*O‘73)>O,

QA1
(1_ﬁAI) _ >1> (1_614[) :
(I=PBar) +(1—75) (1= Bar) + (1 —as)
that is, no feasible value of p exists. Q.E.D.

Proof of Proposition 2: From egs. (4) and (5), the probabilities of unnecessary treatment under gatekeeper

AT (P& (p)) and specialist alone (P2(p)) are:

(1 Bar)(1 - Bs) i< ¥ 650 po(p) = (1 - p)(1  Be).

_ _ (1-p)(1-Ban)?Bs (1-Bar)
(1= Bar) p(l—as) P> G5t (=as)

Pi(p)=(1-p)-

Further,

; (1-Bar)
—Bar(1—Bs) if p< m

_ _ (1-p(A-Bap?8s (1—Bar)
(Bs = Bar) p(l—as) P> G ti=as-

Pf(p)—P2(p)=(1—-p)-

The difference is always negative or zero if 547 > B5. Otherwise, if 847 < 5, the difference is positive if

_ _ (1=p)(1 = Bar)?Bs (1—Bar)
(Bs = Bar) p(l—as) >0 andp> (1—=Ban)+(1—ag)’
Equivalently,
(1= Bar)? (1—Bar)
P U B+ (—an)— 20 "7 T B+ (- as)
Further,
(1 Bar)? (1- Bar) O Ba
0B+ (1—a)(—Z0) ~ =B+ (1—ag) (75~ Pa) =0
Therefore,
2G_ (1—Bar)? _
T A B + (1 as)(1 - 2)
Further,

org (1= Bar)(as)(Bar +1—205)

0Bar Bs(1—Bar)*+ (1 —ag)(1— Za)2°

Q.E.D.

Proof of Proposition 3: Simplifying P35 (p) egs. (7) and (8), we obtain the following:
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1-Bar 1-Bs
1 If (1—ag)+(1-Bar) < (1—aar)+(1-8s)’

o o p2a (l—a )2 . 1-8
[p()és(l aAI) (1—25(1—le) ] if p< (1—C¥s)+al—ﬁAI)’

s 0 (1) — . _ _
Py (p) — Py (p) = plas — aar) if WSPS M’
[—paar(l—as)+ (1 —plas(l-5s)] if p> (1_%411;%~

Now,
PzOlAl(l—CYs)2 Oés(l—OéAI)(l—ﬁAI)
paS(l B aAI) - (1 —p)(l - /BAI) =0 = = 04,41(1 - 05)2 +Oés(1 - aAI)(l - 5,41)’
where
as(l—OéAI)(l—ﬁAI) 1—Bar .
(=) tas(l—aa)(—far) = (U—as) +(1—Far) 87 0ar=0
Further,
Oés(l —Bs)
—paar(l—as)+(1—plas(l—Fs) <0 < p= as(1=fs) tan(—as)

where

as(l—ﬁs) > 1—Bs
as(1=Fs)+aa(l—as) = (1—aar)+(1-0s)

Therefore, we conclude the following

<= ag—ayr > 0.

o If ag — a4 <0,

Oés(l - aAI)(l - BAI)

S _ pO
Py(p) — Py (p) <0 <= p> aar(l—ag)?+as(l—aar)(l *5/11).

o IfaS—OZA[ZO7

s as(1—Bs)
Pyi(p) = Pa(p) <0 <= p> e B Fand_as)

1—

: : Bar 1-8s
2. Alternatively, if 7855 > a=a s

_ _ plaar(l-ag)? ; 1-8s
[pas(l aAI) (1*P)(1*ﬁAI)] if p< (I-aar)+(1-8s)’

S _ po _ 2aar(1—ag)? . 1-8 1-8
Pir(p) = Pur(p) = | =555y + (L= Pas(L=085)] if gy ¥irss <P < Gasrttiman
[~paar(l—as)+(1-plas(l=Bs)]  if P> goamitism-

Now,
. . poYAI(l—Oés)2 Oés(l—OéAI)(l—ﬁAl)
past=aa) == A5,y =0 T P2 G sl Tas(—aa) (1~ Bar)’
where
as(l—OéAI)(l—ﬂAI) 1—55
(1= as) +as(l—ax)(1—Far) = (—aa)+(1—Fs)
Oés(l - aAI)2(1 - ,6A1> < aAI(l - 045)2(1 - ﬁs)
Similarly,

. P2aA1(1 - Oés)2

(1=p)(1 = Bar)

o Vas(=Bs)(0=Bar)
TUPasl=Fs) S0 = v 2 e S =) + Vau I —as?

i
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where
Vas(1—Bs)1—Bar) S 1—8s
\/045(1 - 68)(1 - 5,41) + \/aAI(l - 045)2 h (1 - aAI) + (1 - 53) =
Oés(l - CYA1>2(1 - BAI) > 04,41(1 - 05)2(1 - Bs)
and
\/Cks(l—ﬂs)(l—ﬂfu) 1—Bar _ _
\/ozs(l =B Bar) + Vol —as) < 0—as)+ (=B = as(l1—Bs) <aar(l—PBar).
Finally,
“pasrll=as) 4L plas(l- ) S0 = px S

where

as(l —53) 1—5A1

as(l—Bs)+aar(l—as) = (1—as)+ (1 —=Bar) & as(l=fs) > aar(1=Far).

Now, et (tsan > Taantiss = (L= ean)(l=Far) > (1 - as)(1 - fs).

o If ag(1—aur)2(1—fBar) <aar(l—ag)2(1—Bs),

0[5<1—O[A]) <OéAI(].—O[3) — g < Qar

and
\/Oés(l—ﬁs)(l—ﬁm) 1—Bs 1—Bar
\/aS(l_ﬁs)(l—/BAl)+\/OéAl(l—Oés)Q = (1_04A1)+<1_ﬁ5) S (1_Oés)+(1—ﬁA1> -
Bs —Bar =0
and

as(1—Fs) <aar(l—pBar).

Therefore, if ag(1—aar)?(1—Bar) < aar(l—as)?(1—Bs),

as(l - aAI)(l — 5141)
aar(l—as)?+as(l—aar)(1—PBar)’

[ ] If as(l —O[A[)2<1 _6AI) > OéA[<1 —a5)2(1 —ﬁs),

045(1*04,41)(1*5“) > 1—8s
aar(l—as)?+as(l—aa)(1—=Far) = (1—aar)+(1—Ps)

Pyi(p) — Py(p) <0 <= p>

and

\/as(l—ﬁs)(l—ﬁm) > 1-8s
Vas(1—8s)(1—Bar) + Vaar(l—ag)? (1—aa)+(1—-8s)
Further, if 85 — 847 <0,

(I—asr)(1—=Bar) > 1 —as)(1—8s) = as>as; = as(l—PBs) > aas(l—8s).
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Therefore, lf Oés(l—OéA])Q(l—BAI) >04A1(1 —a5)2(1 —65) and BS <BAI7

as(lfﬂs)
as(1—Bs)+aar(l—as)

Alternately, if as(1—aar)?(1=Bar) > aar(1—as)*(1=Bs), Bs —Bar > 0 and as(1—Bs) < aar(1—Bar),
Vas1—Fs) (1= Bar) |

- \/ozs (1—-8s)(1—Bar) +\/aAI (1—-ag)?

Finally, if as(1 —aar)*(1 = Bar) > aar(1 —as)*(1 = Bs), Bs — Bar >0 and as(1 — Bs) > aar(1— Bar),

Pyi(p) — Py (p) <0 <= p>

Pyi(p) = Pyy(p) <0 <= p>

Py (p) — Py(p) <0 —

\/@s 1—55)(1—5A1) 1—Bar ]U[ Oés(lfﬁs) 1]
\/as 1—Bs)(1 = Bar) + Vaar(l —as)? "l—as)+(1—Bar)  as(l—PBs)+aa(l—as)’
Q.E.D.
Condition Priors where Al as a second opinion

reduces (or maintains)

the probability of unnecessary treatment

1 (1 - aAI)(]' - 6AI) < (1 - as)(]‘ - 55)’ [07 ﬁAI(lij%Is()lﬁ-_ﬁﬂss()lfas)}
Bs > Bar
2| (1—aar)(1—Bar) <(1—as)(1—p8s) [0 (1-Bs)?Bar ]
Al Al = o S/ ’ (1-Bs)?2Bar+Bs(1—Bar)(1—aar)
/BS S /BAI
3 (1 o aAI)(l - BAI) > (1 B Oés)(l - ﬂ5)7 [O’ (1—/33()%3;515368114—1043)53}

BAI(]- - OéAI) < 53(1 - Ols)a
(1—aar)(1—PBar)*Bs > (1 —as)(1 = Bs)*Bar
1 (1= aa) (1= far) > (1—as)(1— Bs), 0. A )
Bar(l1—aar) > Ps(1—as),
(1 - OéAI)(l - 5A1)255 < (1 - 015)(1 - 55)2ﬂA1

5] (1= aan) (1= Bar) > (1—as)(1— Bs), 0. ]
Bar(l—aar) > Bs(1 —ag),

(1—aar)(I—=Par)?Bs > (1 —as)(1— Bs)*Bar
Table A3 Proposition 4

Proof of Proposition j: Because

1-8
min{l (1 —p)(l _BS) } _ 1 ifp< (1— O‘AI)+S(:1 Bs)
’ 1-a (A-p)(1-Bs) —Bs

( Ar) Oeaas) if p> (1—aA1)+(1—,8s)

and,

_p(l-as) _ 1-Bar

min{l p(lo‘s)} _ )Tt PSS G
T : _ 1-Bar
(1=p)(1—Bar) 1 if p> (1—as)+(1—Bar)’



Dai and Singh: Using Al as Gatekeeper or Second Opinion: Designing Patient Pathways for AI-Augmented Healthcare AT

1-Bar 1-Bs
o I i A S Tha e

(1=p)(1=Bs)(1—=Bar) +p(l —as)Bs ifpgk@:%
Pi?(p): (1_p)(1_6A1) Z.f 1,51147[%411,(13 <p< 1,[321?5‘@/“
(1=p) (1= Bar) + (1 =p)(1 = Bs)Bar — AL if p> gl
and
—(1=p)(1 = Bs)Bar +p(1 —as)Bs ifpﬁﬁ
PTS(p)—Pﬁ(pF (1—=p)(Bs — Bar) if%<p<ﬁ
(1=p)(Bs — Bar) + (1 —p)(1 — Bs)Bay — UL UBsd0ar - jp p> - Aobs
Now,
(1—Bs)Bar
—(I=p)(1=Bs)Bar +p(1 —as)Bs <0 <= p< (1= Bs)Bnr + (1 —s)Bs’
where
(1 —Bs)Bar 1—Bar
A= Bs)Bar+ (1 —as)Bs 1= Bar+l-as 220
Further,
(1=p)(Bs — Bar) £0 <= Bs < Par.
Finally,

(1—Bs)?Bar
(1—Bs)?Bar+ Bs(1—Bar)(1 —aar)’

(1 —p)2(1 - ﬁs)zﬁm
p(1—aar)

<0< p<

(1=p)(Bs = Bar) + (L =p)(1 = Bs)Bar —

where,

(1—Bs)*Bar > 1— g
(1=Bs)2Bar+Bs(1 = Bar)(I —aar) ~ 1—=PFs+1—aa;

Therefore, if 547 < Bg,

< Bs < Bar.

(1—Bs)Baz

S _ pO
Pr(p) = Pr(p) <0 <= p< (1—-Bs)Bar+ (1 —as)Bs’

If Bar > Bs,

(1—Bs)*Bar

S(.\ _ po
Pr®) = Pep) S0 = P S 5 25, 4 a1 Ban (1= anr)

If BAI :/857

1—Bs
PS _ po < - B
T(p> T(p)_liﬂ,s#’l*aA[

e 1-p 1-8
e Alternately, if 1—BA1+A11—as l—BerliaAI’
(1_p)(l_65)(1_6141)_'_1)(1_0‘5)65 ifpflfﬂ;:r%a“
S _ 1-p)2(1— 23 . — _
PT(p)_ (1_p)(1_65)+p(1_a5)55—% Zf 1*5;+§i‘1AI <p< 1,3113:4117015

201582 . _
(1=p)(1 = Bar) + (1 —p)(1 = Bs)Bay — Lpl il far if P> 15 A

p(l—car)
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and
—(1=p)(1 = Bs)Bar +p(1 —as)Bs ifpgﬁ
PR() = P29 = ) p(1 - as)Bs — Ol if e <P < T
(1=p)(Bs — Bar) + (1= p)(1 = Bs)Bay — L2l UBlBar - jf > dobar
Now,
(1= Bs)Bar
TP At P e S0 S e S - as
where
(1_65)6141 1_55
(1 - BS)ﬁAI + (1 — Oés)ﬂs S 1-— Bs + 1-— aar = ﬂAI(l N aAI) S ﬁs(l - OZS).
Further,
(1=p)*(1 = Bs)*Bar (1—Bs)?Bar
1- — <0 < 7
P as)s p(1—aar) U \/(1_Bs)QﬁAI‘F\/(1—04,41)(1—015)55
where
(1—Bs)?Bar 1-8s _ B
VOBl ha+ A and0—aslfs 1 Bst1-ay - Pulimaa)>fsias)
and
1—B5)?Bar 1—Bar
V(1= Bs)?B (+ J/ﬁ) Bcj J(i—as)fs 18 fli “an 7 M- ean)(l=Bar)*Bs > (1= as)(1 = fs)*Bar.
— Ps)°Par — QA —ag)Ps AT
Finally,

(1 —p)2(1 - 65)26A1
p(1—aar)

(1—Bs)*Bas
(1—Bs)?Bar+ Bs(1 —Bar)(1 —aar)’

(1=p)(Bs = Bar) + (1 =p)(1 = Bs)Bar —

<0< p<

where

(1—Ps)?Bas S 1—Bar

(= PePBar = Boll— Ban(L—aa) ~ 1= Bar1=as (7 (=00 s < (=o)L= 8

Proof of Proposition 5: The difference in costs (C(p) — Co(p)) is given by
CMp(l—CYAI)OéS—CT(l—p)ﬁAI(l—ﬁs), if p< %%7

Ca(p) = Colp) = Cuplas —aar) + Oy (1 —p)aar(1—Bar)

~Cr(1=p)Bar(1 = Bs) + Cr(1 —p) (1= Ban)fs (1 - S5RE22) i p> it

p(l-ag)
(1-Bar)
R A ME =
p< CrBar(1-Bs) if S > Bar(l—as)(1-Bs)
Cea(p) — Co(p) <0 —= — Cu(l-aar)as+Crpar(1-Bs) Cr = as(l-aar)(1-Bar) (A1)
- p< (1-Bar) if Cm Bar(l—as)(1-Bs)
= (1-Ban)t(l-ag) Cr as(l—aar)(1-Bar)’

(1-Bar)
For p> 45 ¥(i=es)

b
WCM(O‘S - O‘AI)(l - 045) + ?p(l - as)(CMaAI(l - ﬁAI) - CT(/BAI - /BS))

—CrBs(1—Bar)* <0.

Ce(p) — Co(p) <0
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Condition Priors where Al as a gatekeeper

reduces (or maintains)

the total expected cost

of a missed diagnosis and unnecessary treatment

as —ax >0, O, e s A et ]
CMCYs(l - aAI)(l - BAI) - CTﬂAI(l - 015)(1 - 55) <0

g —oaar >0,

Cyuos(l—aar)(1—=Bar) = Crfar(l —as)(1—Fs)>0

[0 CrBar(1-Bs) ]
?Cy(l—aar)as+CrBar(1-Bs)

OZS—OCA[<O, [0,1]
D <0
Cyoas(l—aar)(1—=Bar) = Crfar(l —as)(1-pFs) <0
CrBar(1-Bs)
as —aar <0, [0’ CM(lfaAj;);sI-&-CTBSAI(l*BS)]U
D>0 [ D+(1—ag)(Cypaar(1=Bar)+Cr(Bs—Bar)) 1}
= VD+(1—ag)(Cypaar(1=Bar)+Cr(Bs—Bar))+2Cym (aar—as)(l-ag)’
CMOés(l - aAI)(l - 5A1) - CTﬁAI(l - as)(l - BS) >0
ag —aur <0, [0,1]
D>0

C’MOés(l - aAI)(l - /BAI) - CTﬂAI(l - as)(l - 55) <0
OM(l - BAI)(QAI - Ols) - CMaS(l - aAI)(l - BAI)

—CT(ﬂS - /BAI)(l - 045) >0
_ VD-—(1-ag)(Cyear(1-Bar)+Cr(Bs—Bar))

as —aar <0, [0, \/E*(]-*O‘S)(CI\/IO‘AI(1*BAI)+CT(BS*ﬁAI))+201\/I(0‘S*O‘AI)(1*O‘S)]

D>0 Ul VD+(1-as)(Cuaar(1=Ba1)+Cr(Bs=Bar)) ]

\/B"l‘(l*as)(czuaAI(1*BAI)+CT(BS*BAI))‘*'ZCM(O‘AI*O‘S)(I*O‘S)71
CMCYs(l - aAI)(l - BAI) - CTﬂAI(l - as)(l - 55) <0

OM(l - ﬁAI)(OéAI - as) - CMOés(l - aAI)(]- - 5/11)
—Cr(Bs —Bar)(1—as) <0

Table A4 Gatekeeper vs. No Al for s > Bar,
D=(1-as)*(Caraar(l—PBar)+Cr(Bs — Bar))? +4CuCr(as — aar)(1 — as)Bs(1 — far)?; limag—a,, D >0 and

lim VD — (1 —as)(Crvaar(l—Bar) +Cr(Bs — Bar))
as=aary/D— (1 —as)(Cuaar(l—Bar) +Cr(Bs — Bar)) + 20w (as — aar)(1 —as)
CrBs(1—Bar)?
(Cv(1—as)aar(l—pBar) +CrBs(1—Bar)? +Cr(l —as)(Bs — Bar))
i \/E—i—(l—ozs)(CMaAI(l—5A1)+CT(55—5A1))
as—=aary/D+ (1 — as)(Crvaar(1—Bar) + Cr(Bs — Bar)) + 20w (cear — as)(1 — as)

=1.

Letting 1% =X <= p=

(1—Bar)
(1=Bar) +(1-as)

X _
X+1°

p> & Cc(p) - Co(p) <0 f(X) = CM(Oés - aAI)(l - Oés)X2 + (1 - aS)<CAIaAI(1 - BAI) - CT(ﬁAI -
—CrBs(1—Bar)’<0 & X >

If ag =caa; and (Cyraar(1—Bar) —Cr(Bar—Bs)) > 0 (which is always true when Ss > fa5), then f(X) <0
if

CTBS(l *5,41)2 M
r= (1—=as)(Cruaar(l=PBar) = Cr(Bar — Bs)) x> (1-ag)’
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Further, if
CrBs(1—Bar)? (1 —Bar) B _ _
(1= as)(Coraar(l— Par) - Cr(Bar —Bs)) = (I—ag) - Oearlh=Pan) = Crbarll=Fs) <0,

then
Co(p) — Colp) <0 <= pe |0, min CrBar(1—Bs) (1—Bar)

o ’ Cu(l—=aar)as+CrPar(1—PBs)" (1= Par) + (1 —as)

) CrBs(1 - Bar)?
(1—=PBan+(1- 045)7 Cu(1—ag)aar(l —Bar) +CrBs(1 — Bar)? — Cr(l — as)(Bar — Bs) '

Recall that
f(X)=Culas—aar)(1- CVS)X2 +(1—as)(Cruaar(l = Par) + Cr(Bs — Bar)) X —Crps(1 — ﬁAI)Q

and

f ((1 —5A1)> _ CTOés(l - aAI)(l _BAI) @ . BAI(l —as)(l —Bs)
(1_045) (1—045) Cr Oés(l—OéAI)(l—/BAI) '

When ag # aar, f(X)=0is a quadratic equation with roots

VD — (1 —ag)(Cryaar(1—Bar) +Cr(Bs — Bar))

Xy = 2Ch (ovs — aar) (1 — as)
Xt — —V/D — (1 — ag)(Crraar (1= Bar) + Cr(Bs — Bar))
2 20y (s — aar) (1l — ag) ’
and vertex
X+ — —(1—ag)(Cyaar(l = Bar) + Cr(Bs — Bar))

2CM(OéS—OéAI)(1—as) ’

where
D=(1- QS)Q(CJMQAI(l — Bar) +Cr(Bs — BAI))Q +4C v Cr(as —aar)(l —as)Bs(1— BAI)2-

If ag > aay, then f(X) is an upward parabola with discriminant D > 0, f(0) <0, and X7 >0, X; <0, with

a vertex less than 0.

c Bar(l—as)(1-Bs) (1-Bar) (1-Bar) *
o Case 1: If F* L < iy then f ( Tooss ) <0, and o) < X;. Therefore, from eq. (Al),

X;
Calp) ~ Calp) <0 = pe 0. 57 .

o Case 2: If CM > %, then f( B“))) >0, and (1 B“) > X;. Therefore, from eq. (A1),
[O CrBar(1—Bs) } .
"Cu(1—aar)as +CrfBar(1—Bs)
If g < aar, then f(X) is a downward parabola, with f(0) <0 and vertex greater than 0.
e Case 1: If D <0, then f(X) <0 for all X >0, implying that f ((1 BA”) < 0, which is equivalent to

C Bar(1-as)(1-Bs)
o < m. Therefore, from eq. (A1),

Cs(p) —Co(p) <0 < pe

Ca(p) — Co(p) <0 <= pel0,1].

One example where this case holds is Cy; = Cpr =50, ays; = 0.95, Ba; = 0.81, ag =0.75, s =0.95, D =
—1.097.
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o Case 2: If D >0, then 0 < X7 < X3

c Bar(l—ag)(1-Bs) (1-Bar)
—If ﬁ > WM7 then f (ﬁ) > 0. Therefore, from eq. (A1),

cG<p>co<p>go<:>pe[o OrbBarll ~ Bs) }u[ s 1]

"Cu(1—aar)as +CrfBar(1—Bs) X;+1
Note ag < a4 (a downward parabola) and f (%) >0 together imply D > 0.

_ 1f Cm Bar(l—as)(1-Bs) (1-Bar) se (1-Bar) * : _
If cf;f < aS(Il—aAI)(l—ﬁAI)’ then f ( (I—QSI) ) < 0. Further, if (1—0451) < X* that is, Cp(@ar + aaras

20{5) < CT(BS - ,BA])(l — Oés), then from eq. (1A1)7

X¥ Xz
- < L 2_1].
Cs(p) Co(p)_0<:>p€[O,XIJFJU[X;JFF}

However, if ((11__?51)) > X* that is, Cpr(aar + @aras —2as) > Cr(Bs — far)(1 — ag), then from eq. (A1),
Ca(p) —Co(p) <0 < pel0,1].
Q.E.D.

Proof of Lemma 1: If Cp =0, then Cq(p) — Cs(p) = Ca(P5;(p) — Py;(p)). Using egs. (3) and (7), we have

Ca(p) = Cs(p) = Curp | (as — aar)

+aAI(1_OéS)(1+min{(1_p)(1_61“1) p(1—as) })

p(i—as) )~
Cuplas(1 = aun)(1 -min {1, oPE=RI)
e )] 2

+a(l— as)min{
Q.E.D.
Proof of Lemma 2: If Cy; =0, then C(p) — Cs(p) = Cr(PE (p) — P£(p)). Using egs. (5) and (9), we have

(1-p)(1—Bar)  p(l—as)
p(1—as) ’<1—p><1—ﬁAz>H§O'

+ Bar(1 — Bs) min {
Q.E.D.

Proof of Proposition 6: If

_ (1—Ban) (1-8s) B
P+ (—as) “(0=Bs)+ (—an)

the difference in expected costs of missed diagnoses and unnecessary treatment under Al as a second opinion

and Al as a gatekeeper, Cs(p) — Ca(p), is given by
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Condition Priors where Al as a second opinion

has total expected cost
less than or equal to

Al as a gatekeeper

Crrear(1—as)(1— Bs) (17‘1AI)(170‘S)I:(CTZ'}AI“’CMD‘S)(1765)*CJ\4<1AI(1*ﬂAI)j|+\/ﬁ :
(A-car)(l-as) [(CTBA1+szfas)(1—55)—CMaAI(1—5AI)]+\/ﬁ+2CMOts(1—as)(1—aAz)2
—CrBs(1—aar)(1—Par) <
CrBs(1—Bar)
CMQAI(I as)(l Bs ) [CTﬂS(l—EAI§+CMzIAI(1—aS) ’ 1]
—CrBs(1—aar)(1—Bar) >0

Table A5  Second Opinion Al vs. Gatekeeper Al for (1 —aaz)(1—Bar) < (1 —as)(1—Bs), Bs > Bar,
Bar <oas+aar and Cy > Cr

D' =[(CrBar+Cuas)(l—aar)(1 —as)(1—Bs) — Cuaar(l—as)(1 —aar)(1— Bar)] 2

+4CnCras(1—as)(1—aar)?[Bs(1— Bar)*(1 — aar) — Bar(1— Bs)*(1 — as)]

p(1—as)[(1-p)CrBs(1-Bar)=—pCpoar(1— ‘ls)]

I=»)(1=5aD) ifp<p
(1-p)A-Bap)[(1- P)C;(Bls(isf;u) pCrraar(1— as)] if p1<p<ps
Cs(p) — Ca(p) =
(I-as)(p((1=aar)+(1=B5))=(1=Bs))(Cr(1=p)Bar(1-Bs)=Cmpas(l-aar))
p(l—aar)(l-as)
(A=p)(A—aar)(A=Bar)(Cr(1-p)Bs(1=Bar)=Cnmpaar(l- Oés)) :
+ p(-aan(-as) if p 2 pa.
Now, Cs(p) — Ca(p) <0 if
CrfBs(1—Bar) (1—PBar)
P2 , < or
CrBs(1—PBar) + Cryaar(l—as) (1=PBar)+ (1 —as)
C 1-— 1-— 1-—
- Bo=Ba)  (=fa) _ (=f)
CrBs(1—=PBar) + Cyaar(l—as)”  (1—=PBar)+(1—as) (1—PBs)+(1—auar)

- CMp2as(1 - Ols)(l - 04A1)2 +Cr(1 —p)2 [ﬁs(l —ﬁA1)2(1 —aar) = Bar(1- 53)2(1 - Oés)]

+p(L=p) [(CrBar+Cruas)(l —aar)(1—as)(1—Bs) = Cryyaar(l—ags)(l —aar)(1—Bar)] <0
(1-8s)
(1-Bs)+ (1 —aar)

p=

Consider the quadratic function:

J(X)=-Cnas(l —as)(1— 0éA1)2X2 +Crp [55(1 - 5A1)2(1 —aar) = Par(l— 55)2(1 - Oés)]
+ X [(CrBar +Cuas)(1—aar)(1—as)(1—Bs) — Cyaar(l—as)(1—aar)(1—Bar)].

The quadratic function f(X) is a downward-sloping parabola, which will certainly be negative as X (which

equals 1%17) approaches co (equivalently, as p approaches 1). The discriminant of the quadratic f(X) is

D'= [(CTBAI + CMaS)(l - aAI)(l - 045)(1 - Bs) - CMOéAI(1 - as)(l - aAI)(l - ﬂAI)]Q
+4Cy Crag(l —as)(1 - aAI)Q [65(1 - 6AI)2(1 —aar) = Bar(l- 55)2(1 - Oés)] .
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The vertex of the quadratic f(X) is at X* such that

CrBar+ CMaS)(l - aAI)(l - Oés)(l - IBS) - CMaAI(l - as)(l - aAI)(l - ﬂAJ)
2CM065(1 — OLS)(I — OéAI)2
The roots of f(X)=0, denoted by X; and X3, are
CrfBar+ Czwas)(l - aAI)(l - as)(l - Bs) - CMaAI(l - as)(l - aAI)(]- - BAI) - \/ﬁ
QCMOés(l — Oés)(l — OéA[)2
(CrBar+Cuas)(1—aar)(l—ag)(1—Fs) — Crraar(l —as)(I —aar)(1—Bar) + VD'

P

x: =1

X; = 2Cyas(l—ag)(l—aar)?
e Case 1: If
CrBs(1—Bar) > (= FBs) > CrBs(1—aar)(1—Bar) 2 Craar(l—as)(1—Bs),

CrBs(1—=PBar) +Cyaar(l—as) = (1—=PBs)+(1—auay)
then Cs(p) —Ca(p) > 0 for p = py. Further, Cs(p) —Ca(p) < 0 for p = p;. Because Cs(p) — C(p) is continuous,
this implies D’ >0, and

Cs(p) = Ca(p) <0
» l (CrBar+Cras)(1—aar)(1 = as)(1 = Bs) = Crraar(l = as)(1 = aar)(l = Bar) + VD'
(CrBar + Crras) (1 — o) (1 — ag) (1 — Bs) — Caraar (1 — ag) (1 — s ) (1 — Bag) + VD' +2C s (1 — avg) (1 — avup)?
An example where this case holds is Cy; = Cr =50, as; =0.95, 84; =0.81, ag =0.75, 85 =0.95.
e Case 2: If

CrBs(1—Bar) (1-ps)
< — C 11—« 1— <Cpyaar(l—ag)(1—08s),
CrBs(1—PBar) + Cyaar(l—as)  (1—PBs)+ (1 —auar) Ps( ar)(1=Bar) vraar( s)(L—Bs)
then f (l’%p) <0 for p= % If the vertex of f(X) is to the left of ((fjfjj)), then
(1-8s)
(17;35)4-(157%,) _ (1 - ﬁs) S (OTﬁAI + CMaS)(l - aAI)(l - as)(l - ﬂs) - CMCYAI(l - Oés)(l - aAI)(l - ﬂAI)
1 (1—53) (1_aAI) - QCA{as(l—Oés)(l—O(A])Q ’

T (-Bs)+(1-aaq)

which implies
OMaAI(l - BAI) > (CTBAI - CMOéS)(l - Bs)y

then

CrBs(1—Bar)
Crfs(1—PBar) +Craar(l —as) .

An example where this case holds is Cy; = Cr =50, as; =0.90, 84; =0.82, ag =0.60, 85 = 0.95.

Cs(p) —Ca(p) <0 <= p>

Suppose now that the vertex is to the right:

1—
(1—B;)+L(3lszam) _ (1*55) < (CTBAI+CMQS)(170414[)(170‘5)(1*[35) 7CMOZAI(17055)(170414[)(175‘4[)
1_ (1755‘) (1_aAI) Qckjas(l_as)(l_aA[)Q ’

(1-8s)+(1—aar)

which implies
Cyaar(1—=Par) +Cruas(l—Fs) <Crfar(l—Bs).

Because 1 — 847 > 1 — (g, if we restrict C'y; > Cr, the above condition implies that 847 > as; + ag, which is

not a practical assumption if all sensitivity and specificity values are greater than 0.5. Q.E.D.

1.
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Proof of Proposition 7: Follows directly from Propositions 5 and 6. Under the assumptions of Proposition 7,

7& < 7§ because

Further,

aarBar(l—as)(1—Ps) <asBs(l—aar)(l1—Par) <=

CrBar(1—Bs) - CrBs(1—Bar)
Cu(l—aar)as+Crfar(l—Bs)  CrBs(1—Par)+Cruaar(l—as) .

Cu _ Bs
—_— > — =
Cr Qar

CrBs(1— Par) (1 —Bar)

CrBs(1

< 75 (see proof of Proposition 5).

— Bar) + Cruoaar(1—ag) = (1=Ban)+(1—as) ~ ¢

Q.E.D.
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