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Abstract

This paper examines how Al persuades doctors when their diagnoses differ. Dis-
agreements arise from two sources: attention differences, which are objective and
play a complementary role to the doctor, and comprehension differences, which
are subjective and act as substitutes. Al’s interpretability influences how doctors
attribute these sources and their willingness to change their minds. Surprisingly,
uninterpretable Al can be more persuasive by allowing doctors to partially attribute
disagreements to attention differences. This effect is stronger when doctors have
low abnormality detection skills. Additionally, uninterpretable Al can improve

diagnostic accuracy when doctors have career concerns.
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1 Introduction

People should stop training radiologists now. It's just completely obvious within

five years deep learning is going to do better than radiologists.
- Geoffrey Hinton, 2016

The big claims about Al assume that if something is possible in theory, then it

will happen in practice. That is a big leap.
- Peter Cappelli and Valery Yakubovich, 2024

Although Al has the potential for transformative impact (Agrawal et al., 2018a;
Brynjolfsson et al., 2021; Agrawal et al., 2022; Grossmann et al., 2023), the effectiveness
of human-AlI collaboration is widely recognized as a crucial factor in Al's efficacy
(Beede et al., 2020; Gruber et al., 2020; Mullainathan and Obermeyer, 2021; DeStefano
et al., 2022; Chen and Chan, 2023; Dell’Acqua et al., 2023a,b; Otis et al., 2023; Cao et al.,
2024; Vanneste and Puranam, 2024; Wang et al., 2024). Several studies document that
humans frequently resist Al suggestions for various reasons, indicating an Al-aversion
problem (e.g., Dietvorst et al., 2015; Longoni et al., 2019; Luo et al., 2019; Kawaguchi,
2021; Tong et al., 2021; Liu et al., 2023; Kim et al., 2024; Yin et al., 2024; see Burton et al.,
2020, Mahmud et al., 2022, and De Freitas et al., 2023 for surveys).

In the medical field, in particular, AI adoption appears slower than expected (Dra-
nove and Garthwaite, 2022). Doctors often do not incorporate Al suggestions into their
diagnoses (Clement et al., 2021; Jussupow et al., 2021; Lebovitz et al., 2022; Agarwal
etal., 2023; Yuetal., 2024). One explanation for this is that doctors are career-concerned
(Arkes et al., 2007; Elkins et al., 2013; Shaffer et al., 2013): If a doctor follows an Al when
they have conflicting opinions, this may indicate that the doctor’s skills are inferior to
Al, causing him to be replaced in the future. The concern of being substituted in
the future therefore makes the doctor reluctant to follow Al, creating the Al-aversion

problem.



Although Al may be a substitute for doctors, it is also a complement. Al can make
doctors more effective by providing valuable information about patients and increasing
the precision of the doctor’s diagnosis. The question then is how to better realize Al’s
potential and facilitate AI adoption by making it more of a complement rather than a
substitute for doctors.

This paper addresses this question by focusing on one aspect of Al adoption: man-
aging instances where the doctor and Al disagree. We observe that disagreements
can arise for different reasons and, furthermore, the doctor may not know why they
disagree. Whether Al can persuade the doctor then depends in part on how the doc-
tor attributes the sources of disagreement. The Al can better persuade the doctor by
inducing him to attribute the disagreement to the "right" source. One way to affect the
attribution is through the design of the information available to the doctor. Our main
result is that Al can be more persuasive when it reveals less information.

Specifically, we develop a framework that identifies two sources of disagreement
in the context of disease diagnosis: attention differences and comprehension differences.’
The attention difference arises when Al and the doctor observe different signs of the
disease. For example, Al can identify an abnormality that the doctor overlooks. In
this case, there is clear-cut evidence that the doctor made a mistake. The objectivity of
the attention difference makes the doctor’s diagnosis more accurate and complements
the doctor. The attention difference, therefore, plays the role of a complement and
facilitates Al persuasion.

The comprehension difference arises when Al and the doctor observe the same
signs, but differ in how they assign importance to these signs. For example, Al may
give a positive diagnosis by assigning a large weight to an abnormality. However, the
doctor may think the abnormality is the result of a previous patient condition and
assign a small weight to the abnormality. In this case, the difference of opinions is

a matter of judgment. When the comprehension difference arises, the doctor may

1These two types of differences can also appear in many other contexts, such as bail decisions
(Kleinberg et al., 2017), financial decisions (Kang and Kim, 2024), and purchasing decisions (Bundorf
etal., 2019). In general, attention and comprehension differences correspond to the two key information
constraints in decision-making (March, 1994, p. 9).



associate the change in opinion with the acknowledgment of a worse judgment. The
subjectivity of the comprehension difference makes Al and the doctor compete to be
the one with better judgment. The comprehension difference, therefore, plays the role
of a substitute and makes Al persuasion less effective.

When the doctor disagrees with the Al’s diagnosis, she may or may not know why
they disagree. When the doctor can see which abnormalities are observed by Al, she
knows for sure whether the disagreement is due to the attention difference or the
comprehension difference. In this case, we call the Al interpretable because the doctor
can interpret why they disagree. When the doctor cannot see which abnormalities are
observed by Al, she no longer knows for sure the source of the disagreement. In this
case, we refer to the Al as uninterpretable.

When Al is uninterpretable, the doctor can still assess why they disagree by per-
forming Bayesian attribution. Thatis, she calculates the likelihood that the disagreement
is due to the attention difference (and to the comprehension difference) according to
the Bayes rule.

Our main result shows, perhaps paradoxically, that making Al uninterpretable can
enhance persuasion. When Alis interpretable, doctors with good comprehension skills
will not change their mind when they know that the diagnostic disagreement is due to
the comprehension difference. When Al is uninterpretable, these doctors will always
change their mind when Al disagrees with them.

To see why this is the case, note that when the Al is uninterpretable, the doctor
Bayesian attribute the disagreement to attention differences with positive probability.
Because the attention difference is more persuasive, a weighted average of compre-
hension and attention differences can persuade the doctor, even if the comprehension
difference alone will not. Making AI uninterpretable, therefore, enhances persuasion
by allowing the more persuasive attention difference to “subsidize” the less persua-
sive comprehension difference. In other words, the uninterpretable Al bundles the
complement aspect of disagreements with the substitute aspect, and therefore makes

the disagreement on average more of a complement than a substitute. We refer to this



mechanism as the averaging effect.

The weight the doctor assigns to the attention difference depends on her skill level.
A doctor with lower attention skills (who is more likely to overlook abnormalities)
is then more likely to attribute the disagreement to the attention difference. The
higher the weight put on the attention difference, the more likely the doctor is to
change her opinion. Consequently, making Al uninterpretable is particularly effective
in improving persuasion when the doctor has lower attention skills. We refer to this
mechanism as the attribution effect.

In addition to enhancing persuasion, making Al uninterpretable can also improve
diagnostic accuracy if doctors have career concerns, that is, if they would like to be
perceived as high-skilled. We demonstrate this point by considering a setting in which
the doctors have the same attention skills, but they may have either high or low
comprehension skills.

When the Al is interpretable, high-skilled doctors ignore Al because their com-
prehension skills are better. Low-skilled doctors, however, will ignore Al not because
this improves diagnostic accuracy, but because they want to be perceived as the high-
skilled ones and therefore would like to mimic the behaviors of high-skilled doctors.
This leads to less accurate diagnoses.

Now, if the Al becomes uninterpretable and therefore more persuasive, high-skilled
doctors will follow Al This alleviates the career concerns of the low-skilled doctors, so
they will also follow AI to make more accurate diagnoses. This result contrasts with
the medical Al literature, which commonly views uninterpretability as a barrier to Al
applications (e.g. He et al., 2019, and Kundu, 2021). Our result demonstrates that, by
making the Al uninterpretable, we also enable the low-skilled doctors to change their

minds without "losing face".

Related literature. Our paper is related to four broad literature. First, a growing
literature investigates how Al complements workers, often examining how Al affects
workers of different skills; see, for example, Gruber et al. (2020), Allen and Choudhury
(2022), Brynjolfsson et al. (2023), Noy and Zhang (2023), Jia et al. (2024), and Wang



et al. (2024).2 In these papers, the heterogeneity of workers is measured in a single
dimension. Our paper highlights the multidimensional skills of doctors. We show that
the effectiveness of Al assistance depends not just on the overall skills of the doctor,
but also on the level of skills the doctor has on each dimension: the doctor benefits
more when he has low attention skills than when he has low comprehension skills.

Second, our paper contributes to the literature on Al aversion. Tong et al. (2021)
document that employees, once they know that the feedback is from an Al, will lower
their trust in the feedback and more concern themselves with the risks of job replace-
ment. Liu et al. (2023) find that drivers are less likely to follow Al’s recommendations if
they contradict past experiences and peers’ actions. In the context of doctor-Al interac-
tion, Jussupow et al. (2021) demonstrate that Al advice may undermine doctors’ causal
reasoning.® Lebovitz et al. (2022) report that doctors tend to explain disagreements
away when Al recommendations conflict with their own judgments. Agarwal et al.
(2023) document deviations from rational updating among doctors. This literature
emphasizes the role of Al as a substitute for workers. We show that making Al un-
interpretable allows the substitute role of Al to be bundled with its complement role,
thereby facilitating Al adoption.

Third, our paper is related to the theoretical literature on human-Al interaction.
This literature examines how human-Al interactions are affected by various underly-
ing factors and design choices. Agrawal et al. (2018b, 2019) focus on different skills
between Al and doctors. Athey et al. (2020) examine the optimal allocation of deci-
sion rights between agents and Al. Dai and Singh (2020) analyze how career concerns
affect the acquisition of information by doctors. We add to this literature by studying
how the interpretability of Al affects the way the doctor attributes the source of the
disagreement.

Finally, this paper is related to the literature on information design; see Bergemann
and Morris (2019) and Kamenica (2019) for general reviews on how the provision of

information affects the behaviors of players. In the context of reputation concerns,

2See Ide and Talamas (2024) for the theoretical implications on the organization of knowledge work.
3Similar effects are also observed among financial analysts (Kang and Kim, 2024).



several studies have shown that non-transparency can improve welfare by disciplining
reputational incentives (Prat, 2005; Levy, 2007; Ashworth and Shotts, 2010; Fox and
Van Weelden, 2012; Fu and Li, 2014; De Moragas, 2022; Li, 2023). We extend this line of
inquiry by examining the information design in the presence of explicit disagreements.
Our study highlights that the benefits of limited information are larger when the

doctors’ have low attention skills.

2 Model

2.1 State Variables: Disease, Abnormality, and Critical Dimension

A patient consults a doctor for diagnosis of a potential disease. The disease manifests
as an abnormality in one of two dimensions (e.g., medical tests). However, only one
dimension is critical—an abnormality in this dimension indicates the presence of the
disease. In contrast, an abnormality in the other dimension may or may not appear,
regardless of whether the disease is present.*

Formally, we denote the disease status by Z € {0,1}, where Z = 1 indicates its
presence and Z = 0 its absence. Let L and R represent the two dimensions where an
abnormality may appear, and W denote the critical dimension. Define X = (X1, Xgr),
where for j € {L,R}, X; € {0,1} represents the abnormality status in dimension j,
with X; = 1 indicating its presence and X; = 0 its absence. Thus, Xy denotes the
abnormality status in the critical dimension. We also use the compact notation X_py to
represent the abnormality status in the non-critical dimension. For example, if W = L,
then X_w = Xg, and if W = R, then X_w = X.

The state of the world comprises the three variables (Z, X, W), whose relationship
is illustrated in Figure 1. Their exact values are unknown and ex ante follow certain

probability distributions.

Assumption 1. (i) The patient has the disease with probability y: P(Z = 1) = y.

*According to Lebovitz et al. (2022), doctors ignore an unusual pattern for a patient if they have seen
it long ago in prior imaging. For the patient, such abnormalities are deemed non-critical.



(ii) Either dimension is equally likely to be critical: P(W = L) = P(W = R) = %
(iii) The abnormality status in the critical dimension is perfectly indicative of the disease
status, whereas the abnormality status in the non-critical dimension is purely noise,

independent of Z: Xw = Z and A == P(X_w =1) € (0, 1).

perfectly correlated

the disease the abnormality status in the critical dimension

the abnormality status in the non-critical dimension

uncorrelated with Z

Figure 1: Disease status (Z), abnormality status (X), and critical dimension (W).

2.2 Signals for Diagnosis: Attention and Comprehension

The doctor relies on two types of signals for diagnosis of the disease: attention signal
and comprehension signal. The former represents the doctor’s observation of the ab-
normality status in both dimensions, whereas the latter reflects the doctor’s judgment
regarding which dimension is critical. Let XP°® = (XP°¢, XP°¢) denote the doctor’s
attention signal, where X].DOC € {0,1} for j € {L,R}, and let WP°® € {L, R} denote her
comprehension signal.

In addition to her own signals, the doctor has access to an Al providing diagnostic
assistance. The Al also receives a pair of signals: an attention signal X = (X2, X2)
and a comprehension signal WA, Our modeling of Al as an attention-comprehension
pair is motivated by the prevalent use of artificial neural networks in Al technologies:
XA represents a vector of input data, and W' reflects how Al weights different input
dimensions.5 Conditional on the state variables, the Al's signals are independent of

the doctor’s.

5A typical artificial neural network comprises multiple layers. The Al’s attention signal in our model
can be conceptualized as residing in the output layer, which is directly observable by the doctor. In
practical medical applications, this is manifested as the abnormalities that the Al flags in medical images.



We call the Al interpretable if its signals are known to the doctor. In contrast, the Al
is uninterpretable if the doctor cannot observe its signals, but only its diagnosis (which
is derived from the Al’s signals and will be elaborated later). We prefer the terms “in-
terpretable” and “uninterpretable” over “transparent” and “nontransparent”, because
an Al can be uninterpretable even if it is partially transparent. For example, consider a
radiologist diagnosing breast cancer by examining X-ray images. Even if a transparent
Al flags several abnormalities, the radiologist may still find it uninterpretable as she
does not know how the Al assigns importance to these abnormalities.

Moreover, we refer to the values of WP and WA! as the doctor’s critical dimension and
the AI’s critical dimension, respectively. We make the following assumptions regarding

the two types of signals for both the doctor and the Al:

Assumption 2. (i) Neither the doctor nor the Al hallucinates:® for j € {L, R}, P(X].DOC
0|Xj =0) =1and P(X].A' =0|X;=0)=1
(ii) Both the doctor and the Al may overlook an abnormality in either dimension: for j €
{L, R}, 7P := P(X].D"C =1|X;=1) € [0,1] and 7™ = P(X].A' =1|X; =1) €[0,1].
(iii) Both the doctor and the Al may miscomprehend the critical dimension: pP° := P(WP® =

WIW) € [3, 1] and pA' = BOWA = WIW) € [3,1]

2.3 Diagnostic Process

The doctor’s diagnostic process with the Al’s assistance is as follows:
1. Nature determines the disease status Z, abnormality status X, and critical di-
mension W.
2. The doctor receives signals (XP°¢, WP°) and then makes an initial diagnosis
D €{0,1}.
3. The Al receives signals (XA, WA') and then makes a diagnosis A € {0, 1}.
4. The doctor observes

o (XA, WA)if the Al is interpretable, or

¢A prominent challenge with large language models, the most recent development in Al technolo-
gies, is hallucination (Ji et al., 2023). Here, we assume no Al hallucination for simplicity. Our analysis
can be generalized to cope with Al hallucination, allowing P(X ].A' =0|X; = 0) € [0,1] (see Appendix C).

9



¢ A if the Al is uninterpretable.
The doctor then updates her belief about the disease status to make the final

diagnosis F € {0, 1}.

Each diagnosis (i.e., D, A, or F) is determined by the posterior probability of the
presence of the disease given the corresponding information set. If this probability is
greater than or equal to %, then the diagnosis is assigned a value of 1 and called positive.
Otherwise, it is assigned a value of 0 and called negative.”

The quality of the doctor’s initial diagnosis (i.e., without the Al’s assistance) is fully
determined by the accuracy of the pair of signals (XP°¢, WP) relative to the underlying
state variables (X, W). As a result, we refer to (7°°°, pDOC) as the doctor’s attention skill
and comprehension skill, respectively. Likewise, (™!, p"') are termed the Al’s attention
skill and comprehension skill, respectively.

To simplify our exposition, we make the following assumptions regarding the values
of y, A, (P, pPo¢), and (™, pA'). (Recall that y and A are the ex ante the probability
of the patient having the disease and the probability of an abnormality appearing in

the non-critical dimension, respectively.)
Assumption 3. A <y < %

Assumption 4. (1/y +1/A =2)p' + ' > 1/A for i € {Doc, Al}.

Assumption 3 states that the disease occurs with probability y < % In addition,

an abnormality is more likely to appear in the critical dimension, as it occurs there if

and only if the patient has the disease under Assumption 1. Under Assumption 4, it

can be shown that when the doctor (or the Al) only observes an abnormality in her

non-critical dimension, the posterior probability of the disease status satisfies
P(Z=1IX), =0,X! =1  y[pid(l-7) + (1 - p))(1 - Ar))]

: - = ; <1,
P(Z=0|X},=0,X"  =1) A1 =y)p!

"This process parallels classification tasks performed by Al technologies in fields such as computer
vision and natural language processing. The threshold, however, is not necessarily  but is typically
adjusted between 0 and 1 for each specific task to balance the costs associated with false positive and
false negative errors (Goodfellow et al., 2016). For simplicity, we assume the threshold is 1 in our model.

10



which implies P(Z = 1|1Xi =0, Xiwi =1)< % Thus, in this case, neither the doctor
nor the AI will make a positive diagnosis.

We maintain Assumptions 1-4 throughout the paper. Under these assumptions,
the doctor will make a positive initial diagnosis if and only if the doctor observes an
abnormality in her critical dimension. An analogous statement applies to the Al’s

diagnosis. Lemma 1 states this formally.

Lemma 1 (Diagnosis Through Critical Dimension). The doctor makes a positive initial
diagnosis (i.e., D = 1) if and only if XP% = 1. The Al makes a positive diagnosis (i.e., A = 1)

W Doc
if and only if X, = 1.

3 Al Persuasion

Will the doctor be persuaded to alter her initial diagnosis if it conflicts with the Al's
diagnosis? How does the Al's interpretability affect its persuasiveness? This section
explores these questions, beginning with the scenario where the doctor makes a neg-
ative initial diagnosis but the Al offers a positive diagnosis. We'll then briefly discuss

the opposite case, which yields different results but similar insights.

3.1 AI Persuasion When D =0and A =1
3.1.1 Interpretable Al

When the Al is interpretable, the doctor can observe the Al's attention—comprehension
signals (XA, WA!). This allows the doctor to pinpoint the source of disagreements,
which may stem from either an attention difference or a comprehension difference.
Assuming the doctor has made a negative initial diagnosis, Lemma 1 indicates
that she must have observed no abnormality in her critical dimension (XP%_ = 0). An

W Doc

attention difference arises when the Al observes an abnormality in the same dimension

However, if the Al shares the same observation in the doctor’s critical dimension

11



(X{;V'Doc = 0), for it to make a positive diagnosis, it must have a different critical di-
mension (WA # WP°C) and observe an abnormality there. This scenario represents a

comprehension difference.?

N ="\ _ Attention difference
WP =L st

D=0 — XLD°C =0

(124/

= (0 ™ Comprehension difference

Figure 2: Two sources of disagreements when D =0and A =1

Next, we summarize for both the attention difference and the comprehension dif-

ference how the Al can persuade the doctor based on the doctor’s skills.

Lemma 2 (Interpretable Al: Known Attribution). Suppose that the Al is interpretable
and the diagnostic disagreement is given by D = 0 and A = 1. Then, the following hold:
(i) When the attention difference occurs, the Al persuades the doctor to change her diagnosis
from D =0 to F = 1 regardless of her skill (r°°¢, pP°°).
(ii) When the comprehension difference occurs, the Al persuades the doctor if and only if her

Doc

comprehension skill pP°° is weakly below a threshold p1(7P°°).

Part (i) of Lemma 2 shows that when an attention difference occurs, the Al persuades
the doctor regardless of her skill level. This is because the attention difference provides
clear evidence of the doctor’s attentional mistake: she overlooked an abnormality in
her critical dimension, which the Al has detected and corrected. By helping the doctor
find the missed abnormality, attention difference serves as a complement to the doctor.

Part (ii) of Lemma 2 shows that when a comprehension difference occurs, the Al
can persuade the doctor only if her comprehension skill pP°° falls below the threshold
p1(1P°°). In this case, the main difference between the Al and the doctor lies in their
judgment of the critical dimension. In contrast to the attention difference scenario,

there is no clear-cut evidence of a mistake by the doctor: the differences are in opinions

8 Alternatively, one could define the attention difference as a discrepancy in attention signals (i.e.,
XPoc XA, and the comprehension difference as a discrepancy in comprehension signals (i.e., WP°° #
WA, However, we avoid this approach as it would permit both differences to occur simultaneously,
thereby complicating the analysis of Al persuasiveness.

12
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(a) Attention persuasion (b) Comprehension persuasion

Figure 3: The range of doctors persuaded by the interpretable Al

rather than in facts. The comprehension difference, therefore, makes Al a substitute
for Al, obstructing the effectiveness of persuasion. When the comprehension differ-
ence occurs, the doctor is persuaded only if her comprehension skill is sufficiently
low. In particular, the threshold p;(7P°°) is downward sloping because a doctor with
better attention skills is less likely to overlook abnormalities and thus more resistant to
changing her initial diagnosis.

A key insight from our analysis of interpretable Al is that attention differences are
more persuasive than comprehension differences: the attention difference makes the
Al a complement, and the comprehension difference makes it a substitute. This finding
helps explain why doctors may resist Al recommendations even after receiving expla-
nations (Clement et al., 2021). It also sheds light on the observation by Lebovitz et al.
(2022) that radiologists tend to follow Al for diagnosing lung cancer but disregard it
for diagnosing breast cancer. A lung cancer diagnosis is primarily based on detecting
nodules, and once identified, interpretation is relatively straightforward. This makes
spotting abnormalities crucial, while differences in comprehension are less signifi-
cant. Al thus complements doctors by providing valuable attention signals without
introducing substantial comprehension differences. In contrast, breast cancer presents
a wider variety of abnormalities, and even when detected, their interpretation can

vary. This complexity elevates the importance of comprehension in diagnosis. Conse-
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quently, AI’s role in creating comprehension differences makes it more of a substitute,
diminishing the persuasiveness of Al

As Al can be both a substitute and a complement, the question is how to find ways
to make it better complement the doctor. We show next that this can be achieved by

making Al uninterpretable.

3.1.2 Uninterpretable Al

When Al is uninterpretable, the doctor observes only the Al’s diagnosis, not the ab-
normalities it spots. The doctor’s information set is given by Zb'?loc = (XxPee, wbee D =
0, A = 1). When the doctor disagrees with Al, she carries out Bayesian attribution. That
is, she applies Bayes’ rule to attribute the disagreement to attention and comprehension
differences. Define the conditional probability of the attention difference as

P(Attenlfo?lc’c) = P(XC\V'DOC = 1|Iol?1o )

and the conditional probability of the comprehension difference as

P(ComplIO'?fC) 1= P(Xé\vlooc = 0|Iol,31OC :

The doctor can then decompose the conditional probability of the disease’s presence

as a weighted average of the two sources of disagreements:

Pz = 11205 = PAtenl 55 P = 1 Aten, 57 0
+ P(Comp|;°) - P(Z = 1|Comp, 7;7°).

She is persuaded to change her initial diagnosis if and only if P(Z = 1|77°) > 1
The following corollary and its implications provide foundations for our Bayesian
attribution decomposition (Equation (1)). These results will guide our characterization

of how the uninterpretable Al persuades the doctor.

Corollary 1 (Attention Difference Is More Persuasive). The Al is more persuasive when

14



the diagnostic disagreement stems from an attention difference rather than a comprehension
difference: P(Z = 1|Atten, Z>°) > 1 for any (1P, pP°°), but P(Z = 1|Comp, ) 2 :

only iproc < pl(nDOC).

To understand this corollary, consider a scenario where the doctor, facing an unin-
terpretable Al, contemplates what belief she would hold and what role the AI would
be playing if she were aware of the exact source of the diagnostic disagreement. In
such a situation, her belief is formed as though the Al were interpretable. Thus, Corol-
lary 1 directly follows from Lemma 2. Because the attention difference is persuasive
regardless of the doctor’s skills (Part (i) of Lemma 2), P(Z = 1|Atten, IO'?fC) > % for any
(1P°¢, pP°°). This inequality is strict because integrating the Al’s attention signal with
the doctor’s may reveal the disease by showing X; = Xg = 1. However, the compre-
hension difference is persuasive only if the doctor’s comprehension skill is sufficiently
low (Part (ii) of Lemma 2). Hence, P(Z = 1|Comp, IO',D{’C) > % only if pP° < p;(rP°).

When Al is uninterpretable, the exact source of disagreement remains unknown to
the doctor. An implication of Corollary 1 is that the role of an uninterpretable AI —
whether it is a complement or a substitute — depends on the weight the doctor assigns
to the attention difference in her Bayesian attribution, i.e., P(Atten |I(]EI)1°°). Aslong as the
attention difference receives sufficient attribution, the uninterpretable Al will resemble

a complement to the doctor. The following proposition formalizes this implication.

Proposition 1 (Uninterpretability Enhances Persuasion). Suppose that the Al is unin-
terpretable and the diagnostic disagreement is given by D = 0 and A = 1. Then, the following
hold:
(i) Threshold for persuasion: There exists a threshold, pz(nDOC), such that the Al per-
suades the doctor whenever pP° < po(7tP°°).
(i) Averaging effect: po(7P°®) > p1(nP°), and the inequality is strict if TP < 1.

(iii) Attribution effect: As tP° decreases, po(1P°%) — p1(1P°°) increases.

Part (i) of Proposition 1 shows that there exists a threshold, p>(7P°°), such that if

the doctor’s comprehension skill is at or below this threshold, the uninterpretable Al
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Figure 4: The range of doctors persuaded by the uninterpretable Al

successfully persuades the doctor to make a positive final diagnosis. In this case, the
Al complements the doctor.

In particular, Part (ii) of Proposition 1 shows that po(1P%) > p1(nP°°) (Figure 4),
indicating that when her comprehension skill falls between p;(tP°®) and p,(7P),
the doctor remains unpersuaded by the interpretable Al but is persuaded by the
uninterpretable Al. This phenomenon arises from what we term the averaging effect.
With an uninterpretable Al, the doctor averages the persuasiveness of attention and
comprehension differences. Since an attention difference is inherently more persuasive
than a comprehension difference, this averaging effect enhances the doctor’s inclination
to follow the AI’s recommendation. In other words, making Al less interpretable turns
Al into a complement for some doctors.

Equation (1) formally captures the averaging effect, decomposing the conditional
probability of the disease into components based on attention and comprehension
differences. By Corollary 1, when pP° slightly exceeds p1(nP°®), we have P(Z =
1|Comp, Io?loc) < %, indicating that the comprehension difference alone is not persua-
sive. However, since P(Z = 1|Atten, IO'?loc) > %, the averaging effect can still result in
P(Z = 1|I0[,)1OC > 1. Therefore, even when pP° > p;(nP°), the uninterpretable Al
retains the potential to persuade the doctor.

Further, Part (iii) of Proposition 1 shows that a decrease in the doctor’s attention

skill can widen the gap between p»(ntP°) and p1(7P°°) by increasing the attribution to
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attention differences. This result arises because, in Equation (1), the weights the doctor
assigns to attention and comprehension differences depend on her attention skill. We
call this mechanism the attribution effect.

Consider the scenario where the doctor observes an abnormality in her non-critical
dimension, i.e., XP°¢ = (0, 1) or XP° = (1,0). In this scenario, a lower attention skill
implies a higher likelihood of the doctor overlooking abnormalities in her critical di-
mension. Consequently, as her attention skill decreases, she attributes the diagnostic
disagreement more to the attention difference, becoming more susceptible to persua-
sion. Due to this attribution effect, making AI uninterpretable proves more effective in

enhancing persuasion when the doctor is less attentive.

3.2 Al Persuasion When D =1and A =0

Beyond the diagnostic disagreement examined in Section 3.1, the doctor may encounter
a scenario where her initial diagnosis is positive (D = 1) and the Al's diagnosis is neg-
ative (A = 0). In this case, the attention difference (i.e., WA = WP) is completely
unpersuasive, while the comprehension difference (i.e., WA # WP°°) is persuasive if
and only if the doctor observes only one abnormality (XP° # (1, 1)), and her compre-
hension skill pP°° falls below a threshold p3(7P°°). Given the lack of persuasiveness in
the attention difference, the interpretable Al may fail to convince the doctor.
However, with an uninterpretable Al, there exists another threshold, p4(tP°°), such
that if pP°° < ps(nP°®), the Al always persuades the doctor provided XP°¢ # (1,1).
This results from the same averaging effect discussed previously. Interestingly, as the
comprehension difference is now more persuasive than the attention difference, the
attribution effect is reversed, enhancing the persuasion of more attentive doctors.
Appendix A offers a detailed analysis of this case. Notably, for any 71°°, p4(rP°¢) <
p3(1P) < p1(nP°°) < po(mP°°). This ranking allows us to treat the two kinds of
diagnostic disagreements in Sections 3.1 and 3.2 as independent cases and examine

them separately.
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4 Career Concerns

Thus far, we have assumed that doctors maximize diagnostic accuracy. In practice,
they also care about their reputation (Chan et al., 2022). We now examine the doctor’s
career-concern problem, where doctors are concerned about their reputation. We focus
on the reputation for strong comprehension skills because interpreting abnormalities
requires more expertise than identifying them.

We follow Li (2023) to model the doctor’s career concern. Consider two types
of doctors who differ in their comprehension skills. A high-type doctor possesses
perfect comprehension (pP°° = 1), while a low-type has imperfect comprehension

Al < 1). Ex ante, the probability of a doctor being high-type is 7, and the

(pPoeL < p
probability of her being low-type is 1 — 7. Only the doctor herself is aware of her type.

The doctor’s objective is to maximize an evaluator’s (e.g., a manager’s) belief about
her type, rather than her diagnostic accuracy.® The evaluator observes the doctor’s
signals,? her initial and final diagnoses, and Al information. Formally, when the Al is
interpretable, the evaluator observes (X Doc boc XAl WA A, F), and when the Al
is uninterpretable, the evaluator observes (X Doc boc D A, F). Following Li (2023),
we focus on the equilibrium where high-type doctors make efficient diagnoses.

Due to career concerns, low-type doctors may make an inefficient diagnosis. To
illustrate this, consider a scenario where XP° = XA = (0,1), WPe¢ = [, WA = R,
and the Al is interpretable. In this scenario, both the doctor and Al observe an
abnormality in dimension R, but only the Al perceives it as critical. Because the low-
type doctor’s comprehension skill is lower than the Al’s, and the high-type doctor’s
comprehension skill is perfect, efficiency would dictate that the low-type doctor change

her comprehension, while the high-type doctor maintain hers. However, in an attempt

to emulate the high type, the low-type doctor may insist on her initial comprehension.

°This assumption represents the extreme case where doctors have no concerns for diagnostic accu-
racy. In general, we can consider cases when doctors care about both accuracy and reputation. Our
result would then be that uninterpretability can improve the doctor’s diagnostic accuracy as long as her
career concern is sufficiently strong.

1We consider these signals verifiable because, in practice, the doctor needs to record the signs she
observes and state her comprehension to patients (or colleagues) at the initial diagnostic stage.
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This strategic behavior reduces diagnostic accuracy.

Recall from Proposition 1 that making the Al uninterpretable can motivate the
doctor to follow the Al’s recommendation by transforming the Al into a complement.
Building on this result, we show that Al’s uninterpretability can effectively manage the

doctor’s career concerns.

Proposition 2 (Uninterpretability Improves Accuracy). Suppose pP°H < py(tP°) and
pPoCL > ps(nP0C). Then, there exists T € (0,1) such that if T < T, the accuracy of the final

diagnosis is higher when the Al is uninterpretable compared to when it is interpretable.

This proposition shows that uninterpretability can enhance diagnostic accuracy
when the doctor has career concerns. To illustrate, consider the previous example
where XP°¢ = XA = (0,1), WP = [, and WA = R. With an interpretable Al, both
high-type and low-type doctors adhere to their initial comprehension and diagnosis.
In contrast, when the Alis uninterpretable, high-type doctors are persuaded due to the
increased persuasiveness of uninterpretable Al (as shown in Proposition 1). Then, to
emulate the high types, low-type doctors are also persuaded. This change improves the
diagnostic accuracy of low-type doctors.'® When the ex-ante probability of the doctor
being a low type is sufficiently high (7 < 7), the change also improves the average
diagnostic accuracy across all doctors.

Our result dovetails with recent empirical evidence on Al aversion. DeStefano
et al. (2022) demonstrate that reducing Al interpretability can enhance performance
by encouraging decision-makers to accept Al recommendations. They also suggest
that decision-makers are more likely to accept Al recommendations when respected
peers are involved in the Al development and testing process. Similarly, Kawaguchi
(2021) shows that low-performing workers are more willing to follow Al recommenda-
tions when their own forecasts are incorporated into the Al system. These behavioral
responses can be attributed to obfuscated attribution: as Al integrates human in-

formation, it becomes less clear whether decision-makers are deferring to Al or the

Due to Al’s uninterpretability, doctors incur a loss in combining the AI’s attention signal. However,
when pP°¢ < pAl, this loss is strictly dominated by the benefit mentioned in the text (see Lemma B.1 and
the proof of Proposition 2 in Appendix B).
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integrated human input when following Al recommendations. This intuition has im-
portant implications for human-Al collaboration. By making Al less interpretable,
it can help preserve human dignity in decision-making processes, facilitating more

efficient collaboration between humans and Al systems.

5 Conclusion

This paper develops a framework to study how Al persuades doctors when they have
different diagnoses of diseases. We highlight that disagreements between doctors and
Al can arise from two sources. The attention difference is objective and plays the role of
a complement, helping the Al to persuade. In contrast, the comprehension difference
is subjective and plays the role of a substitute, making Al less persuasive.

We show that Al’s interpretability affects how the doctor attributes these sources
and, therefore, the doctor’s willingness to change her mind. An uninterpretable Al can
become more persuasive by allowing the doctor to attribute the disagreement partly to
the attention difference. This effect is stronger when doctors have low skills in detecting
abnormalities. We also show that making AI uninterpretable can increase diagnostic
accuracy when doctors have career concerns.

We have kept the model’s complexity to a minimum by abstracting away various
features commonly seen in practice. For instance, we keep the information structure
simple by assuming that Al does not produce hallucinations. Furthermore, we have
not considered the motivational issues of the doctor. We show in Appendix C that
an uninterpretable Al can still be more persuasive, even if Al may hallucinate in
observing abnormalities. Appendix D allows the doctor to draw a costly additional
signal about the disease when she disagrees with the AI. We show that making the Al
uninterpretable has the extra benefit of motivating the doctor to acquire information.

Our paper explores disagreements between Al and doctors, but the implications
of Bayesian attribution extend further. For instance, when a subordinate disagrees

with a leader, it can be unclear if the disagreement reflects genuine opinion or an
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attempt to undermine authority. If the leader perceives it as the latter, the subordinate
may withhold valuable information, harming collaboration. Organizations should
design protocols that promote more positive attribution from leaders to encourage
open communication.

Finally, we discuss how making Al uninterpretable allows us to combine its sub-
stitute and complementary aspects, positioning Al as a complement to doctors. Other
professions, like accounting, consulting, and law, face similar challenges: while Al can
enhance effectiveness, it also poses a risk of replacement. This raises the question of
how to design jobs by restructuring and bundling tasks to ensure that Al is a comple-
ment rather than a substitute. Successful job redesign promotes greater adoption of

Al technologies. This is a vital area that warrants further research.
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A More on Al Persuasion When D =1and A =0

We provide additional discussion on the scenario where the doctor’s initial diagnosis
is positive (D = 1) and the Al’s diagnosis is negative (A = 0). In this case, the doctor
observes an abnormality in her critical dimension, but the AI observes no abnormality
in its critical dimension. The disagreement, once again, stems from two sources:
(1) WAl = WPee, referred to as attention difference, and (2) WA # WP, referred to
as comprehension difference. The following lemma connects these two sources to Al

persuasion.

Lemma A.1. Suppose that the Al is interpretable and the diagnostic disagreement is given by
D =1and A = 0. Then, the following hold:
(i) When the attention difference occurs, the Al cannot persuade the doctor to change her
diagnosis from D =1to F = 0.
(ii) When the comprehension difference occurs, the Al persuades the doctor if and only if

XPee £ (1,1), and her comprehension skill, pP°, is weakly below a threshold p3(7P°°).

Lemma A.1 provides conditions under which the interpretable Al can persuade
the doctor. When the doctor makes a positive initial diagnosis, she observes an ab-
normality in her critical dimension. To change her diagnosis, the Al must switch her
comprehension to a dimension where no abnormality is observed. Therefore, if the
doctor is persuaded, the Al must perceive a different critical dimension from the doctor
(WAl £ WPe) in which the doctor observes no abnormality (XP°° # (1,1)). Further-
more, the doctor’s comprehension skill must be sufficiently low (pP°¢ < p3(rtP°°)) so
that she defers to the Al's comprehension.

Next, suppose that the Al is uninterpretable. In this case, the doctor’s information
set is given by Il'?é’c = (XPoc, WPoe D = 1,A = 0). The doctor can decompose her
belief similarly to Equation (1), considering the attribution of the disagreement and the
conditional probability of the disease given the information set Il?(;’c. The following
corollary states that the comprehension difference is more persuasive than the attention

difference.
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Corollary A.1. The Al is more persuasive with the comprehension difference than the attention
difference: P(Z = 0|Comp, I5%°) > 3 if XP°° # (1,1) and p®° < p3(nP°), but P(Z =

D 1
0|Atten, Il,(g’c) < 5.

Finally, we show how Al’s uninterpretability enhances persuasion through the

averaging effect and the attribution effect.

Proposition A.1. Suppose that the Al is uninterpretable and the diagnostic disagreement is
given by D = 1 and A = 0. Then, if XP°¢ = (1,1), the Al cannot persuade the doctor. If
XPoe £ (1, 1), the following hold:
(i) Threshold for persuasion: There exists a threshold, py(ri®°°), such that if pP°° <
pa(1P°), the Al persuades the doctor. In particular, pa(nP°°) < pa(rP°).
(ii) Averaging effect: When pP°® < p4(riP°°), the Al can persuade the doctor, but it would
not if the Al were interpretable.

(iii) Attribution effect: As P increases, p3(niP°) — p4(7P°°) decreases.

Similar to Proposition 1, where the diagnostic disagreement is given by D = 0 and
A =1, Proposition A.1 also characterizes persuasion through the two effects of Al's
uninterpretability. However, the attribution effect is reversed. This reversal arises
because the attention difference is actually less persuasive than the comprehension dif-
terence when the diagnostic disagreement is given by D = 1 and A = 0. Nevertheless,
as mentioned in the text, Al’s uninterpretability still enhances persuasion by averaging

the two sources of disagreements.

B Proofs

Proof of Lemma 1. Without loss of generality, suppose WP = L. There are four cases
to consider about the doctor’s attention signal: (i) XP°° = (1, 1), (ii) XP°® = (0, 0), (iii)
XPec = (1,0), and (iv) XP° = (0, 1).

In (i), P(Z = 1|XP°¢, WP) = 1. Thus D = 1.
P(Z — 1|XDoc, WDOC) B )/(1 _ 7_(Doc)
P(Z = 0|XDoc, Wboc) —  1—vy

y < . Thus D =0.

In (ii), < 1, where the inequality follows from
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P(Z = 1|XPoc, wboe)  y[pPoe(1 — AnPo%) + (1 — pP)A(1 — P°9)]
P(Z = leDoc, WDoc) - (1- )/)(1 _ pDoc)A

the inequality follows from y(1 — A7P°®) > (1 — y)A and pP°® > 1 — pP°°. Thus D = 1.
P(Z — 1|XDoc, WDOC) y[pDOC(l _ nDOC)/\ + (1 _ pDOC)(l _ /\nDOC)]

In (iii), > 1, where

In (iv), P(Z = 0|XD%, Do%) (1= )pPon < 1, where
the inequality follows from Assumption 4. Thus D = 0. ]
Proof of Lemma 2.

According to Lemma 1, X%%%C =0and Xlé\le' =1when D =0and A = 1. If, in addition,
P(Z =1 XDoc WDoc XAI WAI
X;\VID = 1, the likelihood ratio of the disease, ( | d Mk ), can be
oc P(Z — leDoc’ WDoc’ XAI, WAI)
shown as

+oo, if (max{ X%, X'}, max{XR°, Xp'}) = (1,1),
YIpPOpA (1 = A) + A(1 = 7P%)(1 — mA)(1 — pPoe — pAl 4 2pDocpAl)] ‘ (2)
(=)0 = pPoo)(1 = pAL , otherwise.

Because y(1 — A) > (1 — y)A and pPpA > (1 — pPo°)(1 — p?), this likelihood ratio is
weakly greater than one. Hence, the doctor is persuaded to make F = 1.

Now, suppose XQV'DOC = 0. The likelihood ratio of the disease is then

)/[PAI(l _ pDOC)(l _ )\) + /\(1 _ nDOC)(l _ 7_(AI)(pDoc + PAI _ 2pDocpAI)]
(1= 7y)pPoe(1 - pAhA

, ©)

which is at least one if and only if

Doc < Al | (1= A)/A+ (1= 7)1 - rH)
PSP T )y + PN - WA+ 2pN - (I - 7)1 — A

(4)

Denote the right-hand side as p1(t?°¢). We conclude that when X@V'DOC =0,F=1ifand

only if pP°¢ < pq(rP°°). ]

Proof of Corollary 1.

Suppose that the attention difference occurs. Decompose P(Z = 1|Atten, Z’%°) as:

P(Z = 1|Atten, _Zbl?loc) :P(Z = 1|8, Atten,_zz)l?loc) . P(8|Atten,_z'0|?100

+P(Z = 1|F, Atten, 77°) - P(F |Atten, 1),
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where & denotes the event that (max{XLDOC, XLA'},max{XEOC, XI';“}) = (1,1), and ¥

denotes the event that complements &. According to (2), P(Z = 1|&, Atten, IODfC) =1

and P(Z = 1|F, Atten, IODloc) > 1 Since P(§|Atten, I0D1°°) and P(F |Atten, IOD1°°) are strictly

positive, P(Z = 1|Atten,fo?f°) > 1.
Then, suppose that the comprehension difference occurs. According to (3) and (4),

P(Z = 1|Comp, 12°°) > 1 if and only if pP°° < pq(nP). -

Proof of Proposition 1.
Without loss of generality, suppose WP = L. There are two cases to consider about
the doctor’s attention signal: (i) XP°° = (0,0) and (ii) XP° = (0, 1).
i, DE= UL y[pP(1 = AnP%) + (1 = pA)A(1 = 70%0)]
n (i), =
P(Z = 012 1-y)1-pMA
equality follows from y(1 — AtP*®) > (1 - y)A and pA' > 1. Thus F = 1.
P(Z = ]|_Zb|-:)100 ~ )/[/\(1 _ nDOC)(pDOCpAI +1-=— PAI) + pAI(l _ pDOC)(l _ ATCDOC)]
’ P(Z — 0|'ZE)D100 (1 — )/)pDOC(l — pAI)/\

> 1, where the in-

In (ii)

Because [A(1 = 71PoC) (pPoepAl + 1 — pA) + pAl(1 = pPoC) (1 - ArtPo%)] = —(1-A)p™ < 0,

ap Doc

this likelihood ratio decreases in pP°°. In particular, it is at least one if and only if

Doc — (1= A)pM/A + (1 — =Peo) |
T (A=A =-pA)/y+ (1 =A)pA/A

p

Denote the right-hand side as p,(7P°®), and notice for case (i) that F = 1 if and only if
pPo° < p,o(1P°). Then, combining cases (i) and (ii), we conclude that if pP°¢ < p,(7P°),

the uninterpretable Al persuades the doctor to make F = 1.

To show the averaging effect, suppose that XP°¢ = (0,1) and pP°® = p;(nP°).

According to Corollary 1, P(Z = 1|Atten,I0D1°C) > P(Z = 1|Comp, IOD1°° = % Equa-
tion (1) then implies that P(Z = 1|IOD1Oc > 1, and the inequality is strict as long as

P(AttenlIODloc) # 0. However, according to the definition of p,(1P°°), P(Z = 1|IOD1°°) = %
P(Z = 1]1°
P(Z = 0|1r°
Finally, note that if 7P°¢ < 1, P(AttenlIODloc) > 0. The same logic shows that p,(7P°°¢) >

when pP°¢ = py(niP°). Since decreases in pP%, py(nP%°) > p1(nPo).

p1(nD°°) whenever 1P < 1.
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To show the attribution effect, again, suppose XP°¢ = (0, 1). We have

Doc ,,Al 1= Doc 1= Al
V/\(l—nDoc)p pr QL =p = pt) l

P(Atten|7>2° _ + Al (pDoc 4 pAl — 2pDocpAl)
P(Comp|Z7°)  p(1 - A)p™ (1 —pP) +A(1 - y)pPe(1 - pY)
+ )//\(1 — T(DOC)(l _ 7-CAI)(pDoc + pAI _ ZPDOCPAI)

, and

[y(1 = DpA( = pP) + A1 = y)p°(1 - p)]-
pDocpAI + (1 _ pDOC)(l _ PAI)
o P(Atten| 1 0° y + tAl(pPos 4 pAl — 2pDocpAly
Soo = <0.
I P(ComplLLyY®) (1= A)pM(1 = pP%) + A(1 - p)pPe(1 —pA) |7
+ )//\(1 — RDOC)(l — 7-CAI)(pDoc + pAI — ZpDocpAI)

9 P(Atten |Io|,3100)

" 9Poc P(Comp|I0Dloc
decreases in 1P, Further, we can calculate the following derivatives:

Since P(Atten| Z°>°)+P(Comp| Z7°) = 1 < Oimplies that P(Atten| °°)

(1__)/ + %)p“(l _ pAI)(l _ 7ZA|)

8p1(nDOC) . y (5)
onPoe (L= pA)(1 =)y + pP(1 = D)/A+ @A = 1)1~ 7)1~ 7A) P’
apz(nDOC) _ 1
nd e = CA-pAYA-y)/y + PP - V/A ©
apz(ﬂDOC) 1-—

Y N %)p‘“(l _ pAI)(l — 7" and
fapl(nDOC)
orPoc

. Therefore, py(1t2°®) — p1 (7P°°)

It is worth noting that < 0. Since (

anDOC

(1-p")(1 -y)/y + pMN(1 = A)/A are both smaller than the denominator o
apz(nDOC) - apl(nDOC)

comparing (5) and (6) shows that

0‘17-(Doc - 87'(D°°
decreases in 1P, and it increases as tP°¢ decreases. [ ]
Proof of Lemma A.1.
According to Lemma 1, X[?V%%C = 1 and Xlé\le' = 0whenD =1and A = 0. I

in addition, WA' = WP°¢ or XPo¢ = (1,1), then the likelihood ratio of the disease,
P(Z — 1|XDoc/ WDOC,XAI WAI)
P(Z — O|XD°°, WDOC, XAI, WAI)’
hood ratio is weakly greater than one, the doctor makes F = 1.

can be shown to be identical with (2). Since the likeli-

Now, suppose WA # WP and XPo¢  (1,1). The likelihood ratio of the disease is
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then
y[pDOC(l _ pAI)(l _ A) + /\(1 _ nDOC)(l _ 7_(AI)(pDoc + PAI _ 2PDOCPAI)]

, 7
(1= )pA(1 — pPoo)a ()
which is smaller than one if and only if
1-— —(1- Doc 1-— Al
pDoc < PAI ( 7/)/7/ ( T2%)( ™) ®)

PR =)y + (= pA) (I = D)/A = @pA = 1)1 = 79)(1 = )

Denote the right-hand side as p3(nP°°). We conclude that when WA # WP and

X0 % (1,1), F = 0 if and only if pP*° < p3(0%). _

Proof of Corollary A.1.

Suppose that the attention difference occurs. Notice that
P(Z = 0|Atten, I°°°) = P(Z = O|F, Atten, Z,°0°) - P(F |Atten, 1,59°),

where F denotes the event that (max{XP°®, X}, max{X7°®, X'}) # (1,1). According

to (2), P(Z = 0|7, Atten, IlDé’C) < % Since P(F |Atten,[1'35°C is strictly smaller than one,

P(Z = 1|Atten, I5%°) < 3.
Then, suppose that the comprehension difference occurs. According to (7) and (8),

P(Z = 0|Comp, Il'?ooc) > % if and only if XP° # (1, 1) and pP°¢ < p3(nP°°). |

Proof of Proposition A.1.
If XPo¢ = (1, 1), it is clear that the doctor does not change her diagnosis. In the follow-

ing, suppose WP° = [ and XP°° = (1, 0). The likelihood ratio of the disease is given by
P(Z = 1|I1[’)5’C _ )/[)\(1 _ ,nDOC)(l . RAI) n pDOC(l _ pAI)(l —A) + pDOCpAI(l _ 7_[AI)(l -]
P(Z = 0|Z5° (1= )AL = pPoe) + (1 — pPoe)(1 — pA)(1 — 7A)] '

[AQ1 = 7P%)(1 = M) + pPoe(1 = pA)(1 = A) + pPoopN(1 - TA)(1 - A)] =

Because 8;9 Doa

(1=2A)(1-pArA) > 0, and 1 - pP°° is decreasing, this likelihood ratio increases in pP°°.

In particular, it is strictly smaller than one if and only if

(1 _ 7/)(1 _ RAI + pAlTiAI)/)/ _ (1 _ nDOC)(l _ RAI)
(1=9)(1 =7~ + pArAY [y + (1 = A)(1 - pAA) A

Doc

Denote the right-hand side as p4(1P°®). We conclude that if pP°° < p4(7P°°), the
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uninterpretable Al persuades the doctor. The averaging effect then follows from this
result and Lemma A.1.
To show p4(1P°®) < p3(nP°), suppose that pP°¢ = p3(P°°). According to Corol-

lary A.1, P(Z = O|Atten, 7,5%°) < P(Z = 0|Comp, I}¢°) = 1. Then,

P(Z = 0|Z{%°) =P(Comp|Z§°) - P(Z = 0|Comp, Z,°

+ P(Atten| .2%) - P(Z = 0|Atien, I2%°) <

N~

However, according to the definition p4(7P°°), P(Z = Olfl%’c) = 3 when p?' = py(nP°°).

P(Z = 0175

“P(Z = 1110
(Z =11

To show the attribution effect, we first notice that ps(7°°®) may be smaller than %

Sinc

decreases in pP°°, p4(1tP°°) < p3(nP°).

Indeed, p4(nP°°) > 1 if and only if

1

- 1-—
1 /\pAl _ 7/(1 _ pAI) oA s % _ ; +2(1 = 7P°°)(1 = A )

A
We must focus on the range of ¢ where (9) holds. We have

Y= )pPe - pA) + A1 - y)pH(1 - pP)
P(Comp| 7} B + Y A(1 = 7Poe)(1 — rA)(pDoc + pAl — 2pDocpAl)
P(Atten| 70¢°) (1 - A)pPoepA(1 — M) + A(1 - y)(1 = pP)(1 — pA)(1 - m?)
+ )//\(1 — 7-[Doc)(l _ 7TAI)[pDocPAI + (1 — pDoc)(l _ pAI)]

, and

o P(Compl|Zfye
InPoc P(Atten| 75¢°

R )/(1 _ /\)(pDOC)ZpAl(l _ pAI)T(AI + /\(1 _ )/)(1 _ pDOC)ZpA|(1 _ pAI)T(AI
yA(l — ™) A1 = p)(1 - pA)2rA
+ pDOC(l - pDOC) + 7/(1 _ A)(pAl)leAl _ (7/ _ A)(ZPAI _ 1)]
y(1=DpPoop(1 =) + A1 = )1 = pP)(1 = pA)(1 =) ]°
+yA(1 = mPoe)(1 — A [pPoepAl + (1 — pPoe)(1 - PA')]l
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5 P(Comp|T°
To show ——— 5o 2 0, it suffices to prove
an P(Atten| 7,5

A1 = y)(L = pAP2r + (1 - DA = (v - M)(pM - 1) > 0. (10)

Note that (9) implies the following lower bound of 7*":

> =
|+

Al 5

1-1 1-y ' )
Al _ (1 pAl
P > p

By substituting (11) into (10), we can get a sufficient condition for (10):

AL =)A=+ 9@ =DM = 2N -1 [y - )pH - A1 - )@ -p)] .

o P(Compll'l'?(;’C N
InPoc P(Atten| 75¢°

9 P(Comp|Zfe

" gnPee P(Atten| I

Itis easy to verify this inequality by collecting terms. This proves

0. Since P(Atten|f1%’°) + P(Comp|I1E/’(§’c =1 > 0 implies that
P(ComplIlD(‘)JC) increases in 7tP°C.
Further, we calculate the following derivatives:

1- 1-A7
(i) (A= )

IrP TR =)y + (L= pA)(1 = D)JA = @2pN = (1 = 7)1 — )P

ap4(7'(D°°) _ 1-— 7ZA|
orPee (L= y)(1=mAl+pArA)/y + (1= A)(1 - pArA) /A7

0 Doc pa) Doc pa) Doc
It is worth nothing % > 0. To show p;:;m ) > p;:l—;oc ), it suffices to show
1.1 Al any |17 AL AL AN, LA Al_Al
—+ - - - —(1- —(01- 12
(T3 =27 A =p) | ===+ pTnt) + = (1 = pTn) (12)

2
< [FTVPN + %(1 — My = 2pN - 1)1 = 7P°)(1 - nA')l =: K2

Denote the term in the right-hand side bracket as K. Note that it is increasing as a
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1 1 1
function of 7P° and n*'. And recall that by Assumption 4, 7 > — — (; T 2)pA.
Then, by substituting this inequality and 7°°° = 0 into K, we obtain one of its lower

bounds:
k=2(1s1l pN(1 - p™).
=257
In particular, K > 0. This lower bound allows us to get the following sufficient condition

for (12):

— L1 =N+ pAA) + %(1 - pA'nA')] , or equivalently,

1— _
ZTy + %M‘ —2(1 - mPo0)(1 - nA')l

+(1-pA) l2¥ + 1_77/71/“ +2(1 — wPoc)(1 — nAI)l

>—+--2.  (13)

< |-
| =

The left-hand side of (13) can be seen a convex combination of two terms, and each of

them is greater than the right-hand side because of (9). This completes the proof of
8]94(71[)00) 8p3(7'(D°C)
orboc 2 Jrboc

. Therefore, p3(1tP°°) — p4(tP°°) decreases in 1P, [

Comparison of the thresholds for full persuasion:
According to Proposition 1 and Proposition A.1, p1(1tP°®) < pp(nP°) and p4(nP°) <
p3(1P°°). To rank these four thresholds, we only need to compare p1(7°°®) and p3(7P°°).

_ 1-—
Since 1 A/\ > VV and 2pA' -1<1in 4), pl(nDOC) > pA'. In (8), p3(nD°°) < pA' for

IN

the same reason. This proves p3(tP°) < p1(nP°°). As a result, p4(nP°) < p3(nP°°)

pl(nDOC) < pz(nDOC). m

Lemma B.1. Consider the setting in Section 4, and suppose pP°° < py(nP°°) and pPo° >
p3(1P°°). The behavior of low-type doctors differs between the interpretable and uninterpretable
Al only in the following two cases:

(i) When D = A = 0 and X»

wooe = 1, low-type doctors with the interpretable Al make F =1,

while those with the uninterpretable AI make F = 0.
(ii) When D =0, A =1, and Xxmc = 0, low-type doctors with the interpretable AI make
F = 0, while those with the uninterpretable AI make F = 1.
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Proof. When doctors only care about their reputation, low-type doctors always mimic
high-type doctors. Therefore, we can focus on the behavior of high-type doctors. We
consider the equilibrium in which they make efficient diagnoses.

Note that p4(1P°°) < p3(nP) < pPoet < pPocH < py(nPoC). According to Lemma A.1
and Proposition A.1, when D =1 and A = 0, high-type doctors never follow the Al In
contrast, Lemma 2 and Proposition 1 imply that when D = 0, A = 1, and Xé\v'Doc =1,
high-type doctors follow both the interpretable and uninterpretable AI. When D = 0,
A=1,and XI’/*\]'DOc = 0, high-type doctors only follow the uninterpretable AL

It remains to compare the interpretable and uninterpretable cases when the doctor
and Al agree on the disease diagnosis. There are two such cases: (1) D = A = 0 and (2)
D = A = 1. Note that high-type doctors never change their critical dimension because
pPet = 1, and their final diagnosis must depend on the observation in dimension
whbee,

In the first case, high-type doctors do not observe an abnormality in their critical
dimension, i.e., XIE)\/OD%C = (. If Alis interpretable and X{/*v'Doc = 1, high-type doctors know
that there is an abnormality in dimension WP. Consequently, the disease is certain,
and they make F = 1. However, if Al is interpretable and X{fv'DOC = 0, the high-type

doctors’ belief about the disease is

_ 0’ W= WDoc] _ )/(1 _ T(DOC)(l _ 7_(AI)

PZ:1XDOC :XA| — ,
= (07091 = )+ (1= )

Doc Doc
w w

which is smaller than 1 because < 1. In this case, high-type doctors make F = 0. If
Al is uninterpretable, Proposition 1 implies that high-type doctors also make F = 0.

In the second case, high-type doctors observe an abnormality in their critical di-

Doc

mension, i.e., XWDOC

= 1. Because the disease is certain, high-type doctors do not
change their diagnosis regardless of Al’s interpretability. Summarizing this analysis

completes the proof. |

Proof of Proposition 2.

The proof consists of three steps: (1) show that the assumption can be satisfied, (2)

37



show how uninterpretability changes the final diagnosis of both types of doctors, and
(3) show that the change improves the total diagnostic accuracy when the doctor is
sufficiently likely to be a low type.

Step 1: Let pP° = 1 and 7P°°, i be arbitrary numbers in (0,1). Note that
pa(mP%°) > 1if pAl > 1- %(1 —1tP°). Choose such a value of p”'. Since p3(riP°¢) < pA!
for any pA, 7P°, A € (0, 1), we can select pP°° € (3, 1) such that p3(nP*°) < pPoer <
pAl. This construction satisfies the assumption that pPo°t < pA!, pPoCr < p)(7P°), and
pPoct > pa(mP%).

Step 2: This step is done by Lemma B.1.

Step 3: Following Step 2, we can calculate the changes in the ex-ante diagnostic
accuracy of low-type doctors due to uninterpretability. Recall that Lemma B.1 has two
parts, (i) and (ii). Denote the change in low-type doctors’ diagnostic accuracy as A; for
part (i) and A; for part (ii). We have

=1)-P(Z=1,D=0,A=0,X"

A =P(Z=0,D=0,A=0,X" oo

W Doc = 1)

=M1 = P [A(L — p)p(1 - pPo) — (1 = A)pPoL (1~ p)]
_ /\V(pDOCL + pAI _ 2pDochAl)nAl(1 _ T(DOC)(l _ T(AI)/ and
Ay =P(Z=1,D=0,A=1,X}. =0]-P(Z=0,D=0,A=1,Xp, =0]

:Ay(pDocL + pAI _ 2PDOCLPAI)7ZAI(1 _ RDOC)(l _ RAI)

+ My (1= )p™ (A - pPo) = A(L - p)pPo(1 - p)].
The summation, A := A1 + Ay, shares the same sign with

P = pPo) [y + A =24 = A(L = )] = pPL (1 = pM)[y + A = 2pA = y(1 - Dm*]
>(p™ - pPoL)[y + A =294 — y(1 = A)mP°]  (Notice that A(1 — ) < y(1 — A) because y > A)

>(p™N - pPHA(1 - ) > 0. (Notice that 1°°°t < 1and p*' > pP°)

Let T = 2; and 7 < 7. Then, uninterpretability improves the average diagnostic
accuracy among doctors by atleast7- (1) + (1 - 7)A>7-(-1)+ (1 -7)A =0. [
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C Al hallucination

This section generalizes our analysis to the case when Al may hallucinate in drawing
its attention signal. Denote as ¢* := P(X]AI = 0[X; = 0] the probability that the
Al correctly observes a normality. Thus, 1 — ¢” represents the probability of Al
hallucination. Focusing on the scenario where the doctor makes a negative initial
diagnosis but the Al offers a positive diagnosis, we show that if ¢p*' is sufficiently close
to one, our previous results remain the same.

In the following, suppose that 7°°¢ € [0, 77| for some T < 1, and

Al )4 _ YA Al 7 YA Al Al =2
>max{1_y,1 1_7/71 (1-7"1 —1_7/71 1-7"1-m)7,
A _
— —7/ = /z/_ 21 (1 - n)(2pA' -1)(1- nA')}.

We refer to this inequality as that ¢! is sufficiently large.

Lemma C.1. The Al makes a positive diagnosis (i.e., A = 1) if and only if le\v' a =1

Lemma C.1 replicates Lemma 1 by showing that as long as the Al does not hal-
lucinate too often, it still makes a positive diagnosis if and only if an abnormality is

observed in its critical dimension.

Proof. Without loss of generality, suppose WA = L. Similar to the proof of Lemma 1,
there are four cases to consider about the Al’s attention signal: (i) XA = (1,1), (ii)

XA =(0,0), (iii)) XA = (1,0), and (iv) X*' = (0, 1).
n (1) P(Z — 1|XAI, WAI) _ )/T(AI
"P(Z = 0|XAL, WA (1-y)(1 - A
the fact that ¢ is sufficiently large. Thus A = 1.
P(Z =1|XA, WA y(1-nh)
P(Z = 0|XA, WA~ (1-y)pA
y(1 — ") < 1 -y and that ¢p?' is sufficiently large. Thus A = 0.
P(Z = 1|XA, WA)
P(Z = 0| XA, WAl) —

> 1, where the inequality follows from

In (ii),

< 1, where the inequality follows from

In (iii),

Y = DA A + p(1 = T APATA + (1 - pAYATA + (1= A)(1 - pA))]
A1 = )1 = pAYRAGA + (1 — )1 — GAY[(1 = A)(1 — pA)PA + pA(A(1 — ) + (1 — A)pA)]’
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Since y(1—A)pA > A(1 - y)(1 - p*'), and the second term in the denominator is strictly
smaller than that in the nominator when ¢”' is sufficiently large, this likelihood ratio

is weakly greater than one. Thus A = 1.
P(Z =1|XA, WA
P(Z = 0| XA, WAl) —

In (iv),

yrAAPA(L = M) + (1= pA)(I = ArA)] + (1 = 1)(1 = §M)(p? — )
A1 = )pA7A + (1= )1 = GAYA(L = pA) = ATcA + (1 = A)pA]

By Assumption 4, the first term is strictly greater in the denominator than in the
nominator. Since ¢” is sufficiently large, the second term is also strictly greater in the

denominator. Thus the above term is strictly smaller than one, and A = 0. ]

Next, we study Al persuasion when Al is interpretable. We follow Section 3.1 to
define the attention difference and the comprehension difference between the doctor

and Al

Lemma C.2. Suppose that the Al is interpretable and the diagnostic disagreement is given by
D = 0and A = 1. Then, the following hold:
(i) When the attention difference occurs, the Al persuades the doctor to change her diagnosis
from D =0 to F = 1 regardless of her skill (r°°¢, pP°°).
(ii) When the comprehension difference occurs and XP° = (0, 0), the Al persuades the doctor
if and only if her comprehension skill, p°°°, is weakly below a threshold p}(rP°).
(iii) When comprehension difference occurs and XP°° # (0,0), the Al persuades the doctor
if and only if her comprehension skill, p®°°, is weakly below a threshold p/(n®°°). In

particular, p’ (nP°®) < p//(nP°°).

Lemma C.2 is similar to Lemma 2 in showing that the attention difference is per-
suasive regardless of the doctor’s skill, and the comprehension difference is persuasive
only if the doctor’s comprehension skill is sufficiently low. The only difference from
Lemma 2 is that now the persuasiveness of the comprehension difference also depends
on what the doctor observes. If the doctor has observed an abnormality, it is easier for

the Al to persuade the doctor to make a positive final diagnosis.
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Proof. Without loss of generality, suppose WP = L. According to Lemma 1 and

Lemma C.1, XEOC =0 and X;\V'Al =1when D =0and A = 1. If, in addition, XLA' =1,

we get six cases: (i) XP°¢ = (0,0) and XA = (1,0), (ii) XP° = (0,0), XA = (1,1), and
WA = L, (iii) XP° = (0,0), XA = (1,1), and WA = R, (iv) XP°¢ = (0,1) and X* = (1, 0),
(v) XPo¢ = (0,1), XA' = (1,1), and WA = L, and (vi) XP°¢ = (0,1), XA = (1,1), and
WA = R,

P(Z — 1|XDOC WDoc XAI WAI)

In (i)/ P(Z — leDoc, WDoc’ XAI, WAI) -

)/(1 _ /\)pDOCpAITCAI(l _ TCDOC)(PAI
ApDOCpAIRAI(l _ nDOC)
+ (1= pP)(1 = pAYATA(L = 70%) + (1= A)(1 - qu'))l
/\(1 _ )/)(1 _ pDOC)(l _ pAI)TCAI(l _ ,RDOC)¢A|
(1 _ A)(l _ PDOC)(l _ pAI)quI
+ pDocpAI(/\(l — 7-(Doc)(l — 7IAI) + (1 — A)(PAI)l

+ (1 — mPoc)(1 — nAY)

+(1-y)1-¢M)

This likelihood ratio is weakly greater than one because (1 — A)pP°pA > A(1 - y)(1 -
pPo°)(1 — pA), and the second term in the denominator is strictly smaller than that in

the nominator when ¢” is sufficiently large. Thus F = 1.
P(Z — 1|XDOC/ WDOC, XAI, WAI) _ )/ﬂAl(l _ RDOC)
P(Z = 0|XPoc, WDoc XAl WAI) — (1 - Y)(1 - pA)
the strict inequality follows as ¢*' is sufficiently large. Thus F = 1.
) P(Z — 1|XDOC, WDOC, XAI, WAI)
In both (iv) and (v), P(Z = 0[XD%, WO%, XA WA) =

In both (ii) and (iii), > 1, where

YIApPepA A1 — 7P) + (1 - pPo)(1 — pA)YATA(T - 7P%) + (1 - A)(1 - pA)]
Al - 7/)pDocpAl(l _ ¢A|) /

which is weakly greater than one because y7(1 — tP°°) > (1 - y)(1 — ¢*) when ¢*' is
sufficiently large. Thus F = 1.
P(Z - 1|XDoc wPboc xAl WAI)
In (vi), ’ S =
P(Z — leDoc/ WDoc, XAI’ WAI)

y[/\pDOC(l _ pAI)nAI(l _ 7_(Doc) + pAI(l _ pDOC)(/\nAl(l _ nDOC) + (1 _ /\)(1 _ (PAI))]
AL = y)pPoe(l — pA)(1 - A '

which is weakly greater than one because y7*(1 — 7°°¢) > (1 — y)(1 — ") when "
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is sufficiently large. Thus F = 1. Summarizing these six cases shows that the attention
difference is always persuasive.

Now, consider the comprehension difference, i.e., X*' = (0,1) and WA' = R. There
are two cases: (i) XP° = (0,0) and (ii) XP°¢ = (0,1). In (i), the likelihood ratio of the
disease is

lpDOC(l — pA)(1 = 7P%°)(1 — AY(ATA(L — 7P%°) + (1 — A)(1 — ) l
pA(L - pPo)mAl(1 — mP)(A(1 — mP0)(1 — ) + (1 - 1)pA)

pDOC(l _ pAI)QDAl(/\TCAI(l _ 7'CD°C) + (1 _ /1)(1 _ ¢AI)) ’
pA|(1 — pDOC)(l — ¢A|)(A(1 _ nDOC)(l _ nA|) + (1 _ A)¢A|)l

1-y) [
which is at least one if and only if

()/ﬂAl(l _ ,RDOC)

~(1-y)(1- ¢A'>) (= =)+ (- 1)

Doc < PAI'

p Al (]/T(Al(l _ T(DOC)

-1 =y)d-A)
(1 _ V)(PAI
— )/(1 _ 7IDoc)(1 _ 7-(AI)

) (A1 = 70%)(1 = 78 + (1 = )

+(1-pAY ( ) (AAI(1 — 7Poc) + (1 — A)(1 — pA))
(14)
Denote the right-hand side as p} (1P°°). Thus for (i), F = 1if and only if pP°° < pi(nDOC).

In (ii), the likelihood ratio of the disease is
APDOC(l _ pAI)(l _ nDOC)(l _ RAI)

+ APAI(l _ pDOC)(l _ 7-(Doc)(l _ 7-CAI) + (1 _ A)pAI(l _ pDoc)quI
/\(1 — )/)pDOC(l — PAI)CPAI /

which is at least one if and only if

¥¢AI + (1 _ nDOC)(l _ TCAI)

PDOCSPAI' - 1_7/ (15)
pAIGA 4 - (1 = pAYGA + (2pA = 1)(1 — 7Poo)(1 — 1A
Denote the right-hand side as pi’(nDoc). Thus for (ii), F = 1ifand only if pP°° < pi’(nD“).

A direct comparison between (14) and (15) reveals that p;(p Docy < pi’(nDOC). [

As a corollary of Lemma C.2, the following result replicates Corollary 1.
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Corollary C.1. The Al is more persuasive with the attention difference than the comprehension
difference: P(Z = 1|Atten, 1°°°) > 1 for any (nP°¢, pP°°), but P(Z = 1|Comp, XP°¢ =

(0,0), Z2°) = 5 only if pP°° < p/(=°°°), and P(Z = 1|Comp, XP¢, =1, 1°2°) > 5 only if

pDoc < pil(TCDOC)'
Finally, we study Al persuasion when Al is uninterpretable. The following propo-

sition replicates Proposition 1.

Proposition C.1. Suppose that the Al is uninterpretable and the diagnostic disagreement is
given by D = 0and A = 1. Then, the following hold:
(i) Threshold for persuasion: There exists a threshold, p}(n®°®), such that the Al per-
suades the doctor whenever pP°¢ < p(nP°).
(ii) Averaging effect: p,(nP°) > p?(nP°°), and the inequality is strict if T°°¢ < 1.

(iii) Attribution effect: As 7P decreases, pé(rcD"C) — pi’(nDOC) increases.

Proof. Without loss of generality, suppose WP°® = L. There are two cases to consider

about the doctor’s attention signal: (i) XP°® = (0, 0) and (ii) XP°¢ = (0, 1).
P(Z = 1|1%°

In (1), 4 =
()mz=m4%°

)/(1 _ RDOC)[pA|nA|(1 _ /\nDOC) + (1 _ pAI)(A(l _ ,RDOC)TCAl + (1 _ /\)(1 _ qi)Al))]
A=) = pA)RAI(L = 7P%) + (1= y)(1 = PA)[pA(1 ~ AmP%) + (1= A)(1 = pA)]’

Since y[pAl(1 — A=P%®) + A(1 — pA)] > A(1 — y)(1 — p"), the difference between the
nominator and the first term in the denominator is strictly positive. Further, this
difference is strictly greater than the second term in the denominator when ¢”' is

sufficiently large. Thus, the likelihood ratio is weakly greater than one, and F = 1.
P(Z = 1|1°
In (ii) -

ii),
P(Z = 0|70

y [)\T(Al(l _ 7IDOC) + (1 _ A)(l _ pDOC)(PAlnAl + (1 _ pAI)(l _ (PAI))]
Al - ')/)pDOC [pAI(l _ (PAI) +(1- pAI)T(AI]
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The likelihood ratio is at least one if and only if

1-¢pMN1-2 1-A
. n/f\ilj = (1—PAI)+ 5 PAI +(1—T(D°C)
p < .
1_¢AI 1-vy AL 1A Al L-y Ay L=A
7_(A| y p + A (1_P ) +7(1_p )+TP

Denote the right-hand side as pé(nDOC), and notice for case (ii) that F = 1 if and only if
pPoe < pé(T(DOC). Then, combining cases (i) and (i), we conclude that if pP°¢ < pé(nDOC),
the uninterpretable Al persuades the doctor to make F = 1.

To show the averaging effect, suppose that XP°® = (0,1) and pP°¢ = p7(nP).

According to Corollary C.1, P(Z = 1|Atten,I0D1°°) > P(Z = 1|Comp, IODl"C) = % Equa-

tion (1) then implies that P(Z = 1|I0D1oc > %, and the inequality is strict as long as

P(Attenl%?fc) # 0. However, according to the definition of p’Z(nDOC), P(Z = 1|I0E”1°c = %
P(Z =1|17%°
P(Z = 0] 1°
Finally, note that if 7P < 1, P(Atten|IOD1°°) > 0. The same logic shows that pé(nDOC) >

when pP° = p/(nP°°). Since decreases in pP°°, p/(nP°°) > pY(nP%).

p7 (nP°¢) whenever ¢ < 1.

To show the attribution effect, we can calculate the following derivatives:

L=y 1=-A) Al Al Al
8P1’(7TDOC) ~ (7 + T) p (1 - P )(1 -7 )¢ ”
o9 Poc - 1-1 1-y 2/( )
l - pAIGA! 4 > (1= pAYHA + (2pA — 1)(1 — mPoe)(1 — nAl)l
op’ 7_(Doc
and pazy(zDoc):_1—¢A' 1-y ., 1-A - 1-y 1-4
Al L =1 Z pAl 27— pA Al
A [yP+A(1 p)+y(1 PR+ ——p
17
Ap} () i~
It is worth noting that B < 0. When ¢" is sufficiently large, both (= +
Tt
oM [1- _
LA),A (1 — pAY(1 - M)A and 17;}3 [17VPA| ;I - pAI)] + 177/(1 — pM)+ LA pAl are
o’ 7ZDoc
smaller than the denominator of %. Then, comparing (16) and (17) shows
Tt
op’. 7TDoc op” 7_[Doc
that p;fzooc ) < p(;iDoc ). Therefore, pé(nD“) - pi’(T[DOC) decreases in 7tP°¢, and it
increases as °°° decreases. [
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D Free-riding on Al information

In addition to the model described in Section 2, suppose that the doctor, after she
receives the Al information, can incur a cost ¢ > 0 to draw an extra attention signal,
denoted by XE. The signal shares the same structure with XP° and is independent of
XPee conditional on the abnormality status X; and Xg. We provide below an example
where Al’s uninterpretability can improve diagnostic accuracy. Notice that while the
example assumes 7! = 0, it is easy to extend the example to accommodate cases when

Al > 0 is sufficiently small. We make this assumption only to simplify our analysis.

Example D.1. Suppose pN < p1(rP°°) and = = 0. There exist c1,ca > 0 such that if
¢ € (c1, c2), the following hold:
(i) The doctor is more likely to draw the extra attention signal when Al is uninterpretable
than when it is interpretable.
(ii) The accuracy of the doctor’s final diagnosis is higher with uninterpretable Al than with

interpretable Al

Proof. Because the extra attention signal never negates the observation of abnormalities,
drawing it will not change the doctor’s final diagnosis if without it, the doctor would
have made F = 1. Moreover, Lemma 2 and Proposition A.1 show that when p?' <
p1(1P%°) < p3(nP°¢), D = 1 implies F = 1. Hence, we can focus on the case when D = 0.
Because ™ = 0, XA' = (0,0) and A = 0.

Without loss of generality, suppose WP = L. The original signals, XP°® and W#,
have four cases: (1) XP°® = (0,0) and WA = L, (2) XP°¢ = (0,0) and WA = R, (3)
XPo¢ = (0,1) and WA = L, and (4) XP°® = (0,1) and WA = R. In each case, the
doctor may change her diagnosis only if she draws another attention signal that shows
Xpyooe = 1.

For i € {1,2,3,4}, denote the original signal profile as S; := (XPoc, whoe XAl WAl

the extra attention signal as XF, and the expected increase in diagnostic accuracy from
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this extra attention signal as A;. For i = 1, we can calculate A; as follows:

M =P[Z =1,X[ =1|S]]-P[Z=0,X[ =1|Si]

y[p(1 = AmP) + (1 — A1 = 7)) = (1 - p)(1 - w)A

—Doc 1— Docy | ,
=) »(1 = 7P9%¢)(1 — ArtPo%) + (1 — »)(1 — ArPoe)

Doc

P PAI
pDocpAI + (1 _ pDoc)(l _ pAI)'

where u =

Similarly,

yIn(1 = Ar%) + (1 = A1 = 7°°)] - (1 - y)(1 - A
y(1 = 7Poe)(1 — ArtPoe) + (1 — y)(1 — AmPoe) ’

Ay = 7_[Doc(l _ 7_(Doc:) i

PDOC(l _ PAI)
pDoc(l _ pAI) + pAI(l _ pDoc)'
Because i > 1, A1 > Ay. In addition, because

1
where 1 = Notice that n > 5 as pAl < py(nPo°) < pPee.

y[n(1 = AtP%®) + (1 = n)A(1 = 7P°%)] >y (1 - mil+A- 2A7P%°) n>1-n)
>y(1-m(1-A) (1% <1)

>21-py)A-mA, (y=A)

we know that A; > 0. In a similar way, we can show that Az > A4 > 0. Therefore, it is
optimal for the doctor to make F = 1 whenever XI'/E\/DOC =1

Notice the following facts about A; and the doctor’s behavior. When Al is inter-
pretable, the doctor will draw the extra attention signal given case (i) if and only if ¢ <
A;. In contrast, when Al is uninterpretable, the doctor cannot distinguish between cases
(1) and (2) and between cases (3) and (4). Given XP°¢ = (0, 0), the doctor will draw the
extra attention signal if and only if ¢ < P[S;|XP°¢ = (0,0), WP°® = L]- A1 + P[S;|XPo¢ =
(0,0), WP = L]-Ay; and given X Doc — (0, 1), she will draw the extra attention signal if
and only if ¢ < P[S3|XP° = (0,1), WP = L] - Az + P[S4|XP% = (0,1), WPC = L] - A4.

Now we construct ¢; and ¢y, and let ¢ € (c1,¢2). If Ay > Ay, let ¢4 = A4 and
co = min{A,, P[S3|XP°¢ = (0,1), WP = L]- Az + P[S4|XP°¢ = (0,1), WP = L]- A4}.
Then, when Al is uninterpretable, it is always optimal for the doctor to draw the extra

attention signal. In contrast, when Al is interpretable, this is optimal only in cases (1),
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(2), and (3).

If Ay = Ay, letc; = Ay and ¢ = min{P[S;|XP°¢ = (0,0), WP = L]- A1 +P[S,| XPo° =
(0,0), WPo¢ = L]- Ay, P[S3|XP°¢ = (0,1), WP = L] - Az + P[S4]|XP°¢ = (0,1), WP =
L] - As}. Then, when Al is uninterpretable, it is always optimal for the doctor to draw
the extra attention signal. In contrast, when Al is interpretable, this is optimal only in
cases (1) and (3).

If Ay > Ay, letcy = Ar and ¢ = min{P[S;|XP% = (0,0), WP = L]-A; +P[S,| XP°c =
(0,0), WP = L]- Ay, Ay}. Then, when Al is uninterpretable, it is always optimal for
the doctor to draw the extra attention signal. In contrast, when Al is interpretable, this
is optimal only in cases (1), (3), and (4).

The construction in the previous three paragraphs shows that the doctor is more
likely to draw the extra attention signal when Al is uninterpretable than when it is
interpretable. Then, because A; > 0 for any 7 indicates that drawing the extra attention
signal is always beneficial regarding diagnostic accuracy, we conclude that the accuracy
of the doctor’s final diagnosis is higher with uninterpretable Al than with interpretable

Al [
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