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The rapid adoption of AI technologies by many organizations has recently raised concerns that Al may even-
tually replace humans in certain tasks. In fact, when used in collaboration, machines can significantly enhance
the complementary strengths of humans. Indeed, because of their immense computing power, machines can
perform specific tasks with incredible accuracy. In contrast, human decision-makers (DM) are flexible and
adaptive but constrained by their limited cognitive capacity. This paper investigates how machine-based
predictions may affect the decision process and outcomes of a human DM. We study the impact of these
predictions on decision accuracy, the propensity and nature of decision errors as well as the DM’s cognitive
efforts. To account for both flexibility and limited cognitive capacity, we model the human decision-making
process in a rational inattention framework. In this setup, the machine provides the DM with accurate but
sometimes incomplete information at no cognitive cost. We fully characterize the impact of machine input
on the human decision process in this framework. We show that machine input always improves the overall
accuracy of human decisions, but may nonetheless increase the propensity of certain types of errors (such as
false positives). The machine can also induce the human to exert more cognitive efforts, even though its input
is highly accurate. Interestingly, this happens when the DM is most cognitively constrained, for instance,
because of time pressure or multitasking. Synthesizing these results, we pinpoint the decision environments
in which human-machine collaboration is likely to be most beneficial. Our main insights hold for different

information and reward structures, and when the DM mistrust the machine.

Key words: machine-learning, rational inattention, human-machine collaboration, cognitive effort

1. Introduction

The increasing adoption of smart machines and data-based technologies have questioned the future
role of human-based decisions in organizations (Kleinberg et al. 2017). While new technologies
sometimes substitute for labor, a wealth of evidence suggest that they can also complement human
skills (see Felten et al. 2019 and references therein). Indeed, the purpose of many real-world applica-
tions of supervised machine learning is not to produce a final decision based solely on an algorithm’s
output, but rather to provide useful information in the form of automated predictions to a human

decision-maker (Lipton 2016, Agrawal et al. 2018). Various sectors currently seek to harness such
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human-machine complementarity, including the defense and health care industries (DARPA 2018),
legal and translation services (Katz 2017), human resources management (Gee 2017), supplier
management (Saenz et al. 2020) or supply chain operations (IBM 2017).

Humans and machines complement each other because machines often substitute for only a subset
of the different tasks required to perform an activity (Autor 2015). This is typically the case for
judgment and decision problems. Indeed, human decision-makers rely on their cognitive flexibility
to integrate information from vastly diverse sources, including the very context in which these
decisions are made (Diamond 2013, Laureiro-Martinez and Brusoni 2018). Machines, by contrast,
are much more rigid and can only extract a limited subset of this information (Marcus 2018).
Hence, humans may have access to predictive variables that, for example, a machine-learning (ML)
algorithm cannot see (Cowgill 2018). However, machine-extracted information can have higher
accuracy because of the enormous and reliable quantitative capacity of machines. In contrast,
the cognitive capacity of humans is limited, and hence human decision-makers need to constantly
balance the quality of their decisions with their cognitive efforts (Payne et al. 1993).

For instance, when deciding on which stocks to invest in, mutual fund managers estimate both
idiosyncratic shocks (for stock picking) and aggregate shocks (for market timing) (Kacperczyk
et al. 2016). Because of their superior computing capability, ML algorithms identify idiosyncratic
shocks with greater success, but fail to detect aggregate ones compared to humans (Fabozzi et al.
2008, Abis 2020). In the medical domain, ML algorithms can easily process large and rich medical
histories, but may not obtain valuable information from the personal interaction between physicians
and their patients. Similarly, many HR managers base their hiring decisions on information that
ML algorithms cannot access (Hoffman et al. 2017).

To the extent that data-based technologies improve the provision of certain information, the
co-production of decisions by humans and machines typically boosts the overall quality of these
decisions (Mims 2017). For instance, the collaboration between human radiologists and machines
improves the overall accuracy of diagnoses for pneumonia over the performances of radiologists
alone, or machines alone (Patel et al. 2019). Effective human-machine collaborations such as these!
are sometimes coined “centaurs” (half-human, half-machine) in the literature and popular press
(Case 2018). Yet, the provision of machine-based predictions may not improve all aspects of human
decisions. For instance, Stoffel et al. (2018) find that when radiologists take into account the
deep-learning analysis of ultrasound images, the diagnoses of breast tumors significantly improve.
This is consistent with the claim that human-machine collaboration improves overall performance.
! The idea of human-machine collaborations —or chess centaurs— were popularized by World Chess Champion Gary

Kasparov following his notorious defeat against IBM Deep Blue in 1997. An online chess tournament in 2005 confirmed
the superiority of chess centaurs over machines.
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However, this improvement mainly stemmed from a radical decrease in false negatives, while the
false positive rate did not significantly change.

This impact of machine-based predictions on decision errors, and more generally the time and
cognitive efforts that humans put into their decisions, remains largely unknown. As a result, the
participation of machines in human decisions may have unintended consequences. Increasing the
number of false positive rates, for instance, may exert undue pressure on a health care delivery
system and put healthy patients at risk. And increasing the cognitive load of a decision-maker may
slow down the decision process, which may result in delays and congestion.

In this paper, we consider the defining characteristics of human and machine intelligence to
address the following fundamental questions: What is the impact of having machine-based pre-
dictions on human judgment? In which ways do these predictions influence the decision-making
process of humans, the extent of their cognitive efforts, and the nature of their decision errors? In
which decision environments are the collaborations between humans and machines more fruitful?

To answer these questions, we consider an elementary decision problem in which an ML algorithm
(the machine) assists a human decision-maker (the DM) by assessing part of, but not all, the
uncertainty that the DM faces. We model this problem within the theory of rational inattention
formalized by Sims (2003, 2006) to capture the most fundamental sources of complementarity
between machine and human intelligence. Namely, the DM leverages her cognitive flexibility to
integrate various sources of information, including her domain knowledge or specific aspects of the
context in which the decision is made. However, the DM is constrained by her limited cognitive
capacity, so that assessing information requires exerting cognitive efforts. The more effort the DM
exerts, the more accurate her assessment is. In contrast, the machine does not suffer from this
limitation and can provide an accurate assessment of some information at no cost. Yet, the machine
cannot assess all information sources such as the DM’s domain knowledge and the decision context.

The rational inattention framework, within which we develop our model, enables us to represent
the DM’s cognitive flexibility and limited capacity in a coherent manner. Indeed, this theory
assumes that people rationally decide on what piece of information to look for, in what detail,
and they do so in an adaptive manner. In particular, the framework endogenously accounts for
people’s scarce resources, such as time, attention and cognitive capacity as well as the nature of
the decision environment. People are free to use any information source, in any order, to generate
knowledge at any precision level, but limited cognitive resources lead to information frictions and
hence, possible mistaken judgments. In other words, the framework does not impose any a priori
restrictions on people’s search strategy (cognitive flexibility) other than a limit on the amount of
processed information (limited cognitive capacity). More generally, this theory naturally connects

the fundamental drivers in human decision-making, such as payoffs, beliefs, and cognitive difficulties
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in a rational learning setup, and is perceived as a bridging theory between classical and behavioral
economics. There is also a growing body of empirical research that finds evidence of decision-making
behavior consistent with the theory (Mackowiak et al. 2021).

In this setup, we analytically compare the DM’s choice, error rates, expected payoff, cognitive
effort, and overall expected utility when the DM decides alone and when she is assisted by a
machine. Our analysis first confirms the superiority of the human-machine collaboration, i.e., we
show that the accuracy and the DM’s overall expected utility always (weakly) improve in the
presence of a machine. We further find that the machine always reduces false negative errors.

Yet, our results also indicate that machine-based predictions can impair human decisions. Specif-
ically, we find that machine-assisted decisions sometimes increase the number of false positives
compared to when the DM decides alone. (Incidentally, this finding, along with our result that the
machine reduces the false negative rates, offers some theoretical foundation for the empirical results
of Stoffel et al. 2018.) In addition, the machine can induce the DM to exert more cognitive efforts
in expectation, and make her ultimate choice more uncertain a priori. In other words, the machine
can worsen certain types of decision errors, and increase both the time and variance involved in a
decision process, which is known to create costly delays and congestion (Alizamir et al. 2013).

We fully characterize the conditions under which these adverse effects occur in our setup. A
prominent case is when the DM’s prior belief is relatively weak and her cognitive cost of assessing
information is relatively high (i.e., her cognitive capacity is reduced due to exogenous time pressure,
or consumed by competitive tasks because of multitasking). Yet, those are conditions under which
using a machine to offload the DM is most appealing. In other words, improving the efficiency
of human decisions by relying on machine-based predictions may in fact backfire precisely when
these improvements are most needed. These results hold at least directionally for different payoff
structures, when the DM is biased against (or mistrusts) the machine, and when the machine is
also imprecise. We explain in detail where and why they occur.

Our findings are most relevant in settings in which a human decision maker needs to exert some
cognitive effort to make repetitive decisions that hinge on predictions. Examples include diagnostic
tasks by radiologists (Liu et al. 2019), predictive maintenance and quality control in manufacturing
(Brosset et al. 2019), the assessment of whether a part can be remanufactured in a production
system (Nwankpa et al. 2021), evaluating applications by HR professionals (Gee 2017) or assessing
a legal case in judicial systems (Cowgill 2018). Our framework is less suited, however, for decision
tasks where the key unknown is a causal relationship.

The rest of the paper is organized as follows. In §2, we relate our work to the existing literature.
In §3, we introduce our basic model of humans and machines and follow in §4 by characterizing the

choice behavior and cognitive effort that humans spend, as well as their implied decision errors. In
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§5, we analyze the impact of machines on these and explain our findings. In §6, we discuss further
extensions to the decision and learning environment and investigate their implications for human

and machine interaction. Finally, in §7 we present our concluding remarks.

2. Related Literature

Over the past decade, researchers in ML have repeatedly demonstrated that algorithmic predictions
can match, and at times even outperform, the effectiveness of human decisions in many contexts
(see, for instance, Liu et al. 2019 for a recent and systematic review inn health care). More recently,
however, an emerging literature has focused on improving the collaboration between machines and
humans as opposed to pitching them against each other. For instance, a very recent stream of
research in computer science aims at optimizing algorithms by letting them automatically seek
human assistance when needed (e.g., Bansal et al. 2019 ). More generally, the field aims to improve
the interpretability of ML-based predictions so as to facilitate their integration into a human
decision-making process (e.g., Doshi-Velez and Kim 2017).

Researchers in management science have also started to study the integration of human judg-
ments into the development of ML algorithms. Ibrahim et al. (2021), for instance, explore how the
elicitation process of human forecasts boosts the performance of an algorithm in an experimental
setup. Petropoulos et al. (2018) similarly study how human judgment can be used to improve
the selection of a forecasting model. Sun et al. (2021) also proposes a new bin packing algorithm
that accounts for the tendency of human workers to deviate from machine’s recommendations.
Karlinsky-Shichor and Netzer (2019) find that providing an algorithm-based price recommendation
to salespeople improves their pricing performances, which rely on their expertise, relationships and
salesmanship skills. Conversely, Kesavan and Kushwaha (2020) find in a spare-parts retailer setting
that allowing managers to deviate from the suggestion of an algorithm increases profitability. Oth-
ers have further explored the conditions under which product category managers (Van Donselaar
et al. 2010) or radiologists (Lebovitz et al. 2020) deviate from an algorithm recommendation.

Overall, these different streams of research focus on empircialy identifying when humans devi-
ate from an algorithm’s recommendation, and improving the interaction between humans and
machinesA few authors have nonetheless analyzed this human-machine interaction in a theoretical
decision-making framework. Agrawal et al. (2018), in particular, postulate that Al and humans
complement one another in that algorithms provide cheap and accurate predictions while humans
determine, at a cost, the potential payoffs associated with the decision, i.e., the DM needs to exert
effort to learn her utility function. Our work addresses a different form of complementarity, in
which human cognition is flexible but of limited capacity while the machine is rigid but has ample

capacity. More recently, Bordt and von Luxburg (2020) propose representing the human-machine
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joint decision process in a dynamic multi-arm bandit framework. The goal is to study under which
conditions humans and machines learn to interact over time and dynamically improve their deci-
sions. In contrast, we study the impact of machine-based predictions on human cognition and
decisions. Our setup is therefore static, but it endogenizes the human cognitive efforts.

The rational inattention theory on which our model is based was first introduced by Sims (2003,
2006) and has since been applied in many different contexts, such as discrete choice and pric-
ing (Matéjka 2015, Boyacit and Akgay 2018), finance (Kacperczyk et al. 2016) or service systems
(Canyakmaz and Boyaci 2021) among many others. Several empirical studies have further added
support to the theory (see, for instance, Mackowiak et al. 2021 for a recent survey). Notably, Abis
(2020) proposes an empirical test for a simple model of financial markets made of rationally inat-
tentive humans and machines with unconstrained capacity. While machines and humans decide
independently and may even compete in this setup, our model considers their complementarity.

Perhaps closer to our paper, Jerath and Ren (2021) show in a standard rational inattention
set-up that DMs always process information that confirms their prior beliefs when information cost
is high. The machine’s prediction in our setting interacts with this tendency to confirm a prior
belief, leading sometimes the DM to actually exert more efforts when the information cost is high.

Besides rational inattention, other models of attention have been proposed. For instance Che
and Mierendorff (2019) investigate a sequential attention allocation problem between two Poisson
signals about a true state. However, the DM’s information sources are restricted to these two
signals in their model, while the DM has full flexibility to elicit any signal in our setup. In addition,
the DM’s information acquisition strategy is only driven by the incentive structure in Che and
Mierendorff (2019), while this strategy is also determined by the DM’s prior belief in our setting.

Our work is also related to the hypothesis testing Bayesian framework, in which the DM runs
a series of imperfect tests and dynamically updates her belief accordingly about which decision is
best (DeGroot 1970). This approach has been successfully applied to a variety of problems, such as
the management of research projects or diagnostic services (McCardle et al. 2018, Alizamir et al.
2013, 2019), but is less suited to represent the cognitive process of a decision-maker. Indeed, this
Bayesian framework typically assumes that each test’s precision or the order in which they are
run are exogenously determined. In contrast, our set-up fully endogenizes the level of precision as
well as the associated cognitive effort in a tractable way. This enables to properly account for the
flexibility of human cognition (Diamond 2013, Laureiro-Martinez and Brusoni 2018).

We further contribute to the nascent behavioral research on machine-human interactions, and
the issue of trust in particular. For instance, Dietvorst et al. (2016) find in controlled experiments
that DMs are adverse to machine-based predictions. de Véricourt and Gurkan (2022) also explore

to which extent a DM may doubt a machine as she observes the correctness of its prescriptions
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overtime. More generally, Donohue et al. (2020) call for more research in this field to better under-
stand when human-machine collaborations provide superior preformance. We contribute to this by
identifying environments, in which using a machine to improve efficiency is counter-productive.
Finally in our setup, humans assess information from multiple sources, which jointly designate
the true state of the world. In this regard, our paper is related to the rich literature on search with
multiple attributes (see, for instance, Olszewski and Wolinsky 2016, Sanjurjo 2017, and references
therein). In particular, Huettner et al. (2019) study a multi-attribute discrete choice problem
which generalizes the rational inattention model in Matéjka (2015) to account for heterogenous
information costs. In our model, some attributes are easier to assess when the machine is present,
as in Huettner et al. (2019), but we specifically investigate the impact of this on human choice, the

extent of decision errors and cognitive efforts.

3. A Model of Human and Machine

In this section, we first present a decision model that captures the flexibility and limited cognitive
capacity of the human in a rational inattention framework. We then consider the case where the
DM is assisted by a machine.

Consider a human decision-maker (which we will refer to as DM hereon), who needs to correctly
assess the true state of the world w € {g,b}, which can be good (w = g) or bad (w =b). We denote
by p the DM’s prior belief that the state is good (@ = P{w = g}). The DM can exert cognitive
efforts to evaluate the relevant information and adjust her belief accordingly. The more effort she
exerts, the more accurate her evaluation is. When available, a machine-learning algorithm (which
we simply refer to as “the machine” in the following) assists the DM by accurately evaluating some
of this information, at no cognitive cost, to account for its immense computing capabilities. Based
on her assessment, the DM then announces whether or not the state is good. We denote this choice
by a € {y,n} (yes/no), where a =y when the DM chooses the good state and a = n otherwise. The
choice is accurate if she chooses a =y and the true state is w =g, or if a=n and w =5b. The DM
enjoys a (normalized) unit of payoff if her decision is accurate, and nothing otherwise. Thus, her
expected payoff is the probability that she will make an accurate choice, which we define as the
accuracy of her decision. The DM’s objective is then to maximize the expected accuracy of her

decision,? net of any cognitive costs.

2In other words, DM’s payoffs are the same whether she correctly identifies the good state (a =y when w = g) or the
bad one (¢ =n when w =b). This is for the sake of clarity only, though. Our analysis directly extends to a general
payoff structure, as we discuss in §6.1.
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3.1. The Human Decision-Maker

The DM is constrained by her limited cognitive capacity, so that assessing available information
requires exerting cognitive efforts, a process we formalize within the theory of rational inattention.
In this framework, the DM is aware of her cognitive limitations and endogenously optimizes how to
allocate her effort accordingly. To do this, the DM elicits informative signals about the true state
of the world from different sources of information which reduce her prior uncertainty.

Specifically, the DM can elicit any signal s of any precision level about state w € Q ={g, b} from
any information source. We define an information processing strategy as a joint distribution f (s,w)
between signals and states. The DM is free to choose any information processing strategy as long
as it is Bayesian consistent with her prior belief (i.e., [ f(s,g)ds =y must hold). This implies
that choosing a strategy f (s,w) is equivalent to determining f(w|s), the DM’s posterior belief that
the true state is w given signal s. In other words, the DM is free to choose the precision of her
posterior belief. Thus, the DM may elicit different signals from different information sources in any
particular sequence, and make her search for new signals contingent on previous ones to determine

the precision of her posterior belief.? She may also decide not to process any information at all so

that f(g|s) = u or equivalently f(s,g) = puf(s).

Cognitive Effort. The DM’s belief about the state of the world specifies the prevalent initial
uncertainty. By generating an informative signal s, the DM updates prior p to posterior f(g|s).
We measure uncertainty in terms of entropy, denoted as H(p) for a probability p that the world is
in the good state, where H(p) = —plogp — (1 — p)log (1 — p). Entropy is a measure of uncertainty
which corresponds to the expected loss from not knowing the state (Frankel and Kamenica 2019).

In our setup, H(u) measures the prior level of uncertainty that the DM needs to resolve, and
thus fully captures the difficulty level of the decision task. The task presents no difficulty when
the DM is fully informed about the state, that is, when =1 or u =0 for which H(u) is null.
The decision task is most difficult when the DM has no prior information about the states, that is,
when g =1/2 which maximizes H(-). We thus refer to H(u) as the task difficulty in the following.

Similarly, ex-post entropy H(f(g|s)) measures the level of uncertainty upon eliciting signal s and
thus E<[H (f(g|s))] is the expected level of remaining uncertainty under strategy f, before the DM
processes any information. We refer to Eq[H (f(g|s))] as the residual uncertainty in the following.
The expected reduction in uncertainty is then equal to H(u) — Es[H(f(g|s))], which corresponds
to the mutual information between prior and posterior distributions in information theory and
3 Eliciting informative signals can also be imagined as the DM asking a series of yes-or-no questions and observing

the outcomes. By choosing an information processing strategy, the DM is effectively choosing what questions to ask
and in which sequence.
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specifies the expected amount of elicited information. This quantity is always positive, that is,
information always decreases uncertainty, due to the concavity of entropy H(-).

Reducing uncertainty, however, comes at a cognitive cost. The larger the reduction in uncertainty,
the more information is processed and thus the more cognitive effort is required. Following the
rational inattention literature, we assume that the DM’s cognitive cost is linear in the expected
reduction in uncertainty. Formally, the cognitive cost associated with an information processing

strategy f is equal to
C(f)=A(H (1) —Es[H (f(g]s))]) (1)

where A > 0 is the marginal cognitive cost of information which we refer to as the information cost.
Overall, information cost A determines how constrained the DM is in terms of time, attention,
and cognitive ability. It may represent the inherent difficulty of assessing a piece of information or
the extent to which the DM’s cognitive capacity is consumed by competitive tasks, because of time
pressure or multitasking. In the latter case, A is the shadow price of the constraint corresponding
to the limited cognitive capacity. Thus, the higher the value of A, the more effort the DM needs
to exert to elicit signals that reduce uncertainty. In the limit where X is infinite, the DM cannot
assess any information and only decides based on her prior belief p. In contrast, the DM does not
have any limit on her capacity when A =0, and can perfectly assess the true state of the world.
The linearity of the cognitive cost in the expected reduction in entropy is a standard assumption
in the rational inattention literature, which is justified by the fundamental coding theorem of
information theory (see, e.g., Matéjka and McKay 2015 for more details). Importantly, however,
the cognitive cost is convex in the precision of the generated signals (i.e. C' is convex in f(s|w)).

That is, eliciting additional more informative signals becomes increasingly costly.

Decisions and Accuracy. The DM chooses information processing strategy f, at cost C(f),
to yield updated belief f(g|s). Given this updated belief, the DM then chooses her action a € {y,n}
to maximize accuracy, such that a =y if f(g|s) > f(b|s) and a = n otherwise (recall that in our
setup, the expected payoff is equal to the expected accuracy). Thus, the prior probability that
the DM will choose action a =y before she starts assessing any information* is equal to p(f) =

L. Ls(g1s)=sis)3f (8) ds, where T denotes the indicator function, which yields expected accuracy

A(f) = [ymaxoeymy {f(9]8)la=y + f(bls)la=n} f (s) ds = [[max {f(gls), [ (bls)} f (s) ds.

4 Note that the DM commits to a decision with certainty ex-post, i.e., after she assesses the available information. But
because the signals she will obtain are unknown before she starts the process, her final decision is random ex-ante.
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The Decision Problem. Anticipating her expected posterior payoff upon receiving signals, the
DM first decides on her information acquisition strategy, taking into account the cognitive cost
associated with its implementation. The DM then chooses her action. It follows that given her choice
of information processing strategy f, the DM enjoys an expected total value of V(f) = A(f)—C(f).

She determines her information processing strategy by solving the following optimization problem:

m?XV(f) s.t. /Sf(s,g)ds:y (2)

where the constraint guarantees that the DM’s information processing strategy is Bayesian consis-
tent with her prior belief. Given prior u, we denote by V*(u), the optimal expected value such that
V*(u) =V (f*), where f* solves (2). Similarly, we define by A*(u), C*(u) and p*(u) the optimal
accuracy, cognitive cost, and choice probability, respectively, given prior u.

Taken together, our setup captures both the cognitive flexibility and cognitive limitations of
humans. In this framework, the DM endogenously decides how to allocate her limited attention
and how much effort to put into resolving the prevalent uncertainty. In doing so, the DM chooses
how much error she will tolerate and the precision of her decisions. This framework further allows

us to account for machine-based predictions in the DM’s decision process, as we show next.

3.2. Accounting for the Machine
To assess the state of the world, the DM leverages her cognitive flexibility (Diamond 2013, Laureiro-
Martinez and Brusoni 2018) to integrate information from diverse sources. The machine, by con-
trast, only extracts a limited subset of this information (Marcus 2018). Thus, we partition the set
of information sources from which signals s are drawn into two distinct subsets: a first one that
both the machine and the DM can evaluate, and a second one which is only available to the DM.

We represent the aggregate information contained in these two subsets as random variables X;
and X5, respectively. In particular, r.v. X5 summarizes the predictive variables that are unobserv-
able to the ML algorithm. These may include information drawn from the DM’s domain knowledge
or specific aspects of the context in which the decision is made. To put this setup into perspective,
consider the medical domain. Random variable X; may then represent the statistical summary of
all the tangible information that is observable to the algorithm, such as the patient’s full medical
history. Random variable X5, on the other hand, may represent the information that the physician
obtains through personal interaction with the patient. In contrast to the ML algorithm, the DM
can elicit signals from both sources. Recall that we do not impose any restriction on the DM’s
strategy, particularly the order in which she may assess these sources.

Realization z; € {—,+} of X, i =1,2, is such that x; =+ (resp. —) is indicative of a good (resp.

bad) state. The true state of the world is good only if all available information is positive,® i.e.,

5 When one positive information suffices to determine the good state, the problem can be made equivalent to the
current situation by relabeling the good state and the positive information as the bad and negative ones, respectively.
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w = g if and only if z; = 25 = +. We refer to 7(xy, z5) > 0 with (zy,2,) € {—,+}> as the DM’s prior
distribution of (X, X5). Thus, the DM’s prior belief in the good state is u = m (+,+). Without
machine, the DM needs to allocate her cognitive effort between the assessments of z; and x,.

In contrast to the human, the machine does not suffer from any cognitive limitations due to its
virtually unbounded computing capacity. We assume that it can extract the exact value of x; at no
cognitive cost, so that the DM can dedicate her effort solely to the assessment of x,. In the presence
of the machine, therefore, the DM only assesses z, so as to update her new belief, which accounts
for the machine’s evaluation z;. Specifically, define u* as the DM’s new belief that the state is
good, given the machine’s evaluation x € {—,+}. We have, using Bayes’ rule with =7 (+,+),

/f:Oand;ﬁ:$>u. (3)
po+ w4, -)
That is, a negative evaluation by the machine reveals that the true state is bad, while the DM’s
belief that the state is good increases with a positive evaluation. It follows from Section 3.1 that
when the machine output is x, the optimal expected value, accuracy, cognitive cost, and choice
probability, are equal to V*(u*), A*(u*), C*(u*) and p*(u*), respectively.

We consider a perfectly accurate machine for clarity only. As we discuss at the end of Section 6.2

and in Appendix D.1, our approach can be extended to account for inaccurate machine predictions.

(All proofs and appendices can be found in the paper’s electronic companion.)

4. Optimal Decisions, Accuracy and Cognitive Cost

In this section, we characterize optimal choice p*(-) as a function of prior belief p € (0, 1), from which
we deduce the optimal expected value, accuracy, and cognitive cost (V*, A*, and C*, respectively).
To that end, we follow Matéjka and McKay (2015) who establish that problems of the type (2)
where the DM chooses strategy f, are equivalent to problems in which she directly selects the
conditional probabilities of choosing action a given state w.® The intuition for this equivalence is
that a one-to-one correspondence exists between actions a and signals s in the optimal solution.
Indeed, eliciting distinct signals that lead to the same posterior belief (and hence decision) incur
additional costs without changing the DM’s decision, which is suboptimal. In a discrete choice
setting, this yields an optimal solution of GMNL (generalized multinomial logit) form where payoffs

include endogenously determined terms. The next Lemma formalizes this result in our setup.

LEMMA 1. Given prior 0 < u <1, the optimal choice probability p* (i) is the unique solution to
the following equations in p € [0,1],

1/A
pe p
(4)

— 1_ h - - Q.
p ( ﬂ)pb+ﬂp97 where Pqg pel/A+1—p P p—i—(l—p)el/)‘

6 Note that this is an “as if” result such that the DM is not actually optimizing over choice probabilities but using an
optimal information processing strategy that is behaviorally equivalent to the induced optimal choice probabilities.
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Further, we have

A*(p) =1 —p) (L =pp) +ppy and C*(p) =A[H (p) — (1 — p) H (py) — pH ()] (5)

Probabilities p, and p, correspond to the optimal conditional probabilities that the DM chooses y
given that the true state is g and b, respectively. Probability p is then the (unconditional) probability
of choosing y according to consistency equation (4). Probabilities p, and p;, also determine the
extent of the mistakes the DM tolerates. Specifically, the optimal false positive and false negative

rates, which we denote as a* and 8*, respectively such that o* + 8* =1 — A*, are equal to

a*=(1—p)p, and B* = pu(l—p,). (6)

4.1. Optimal Decisions

Lemma 1 states that the optimal choice probability p*(u) corresponding to problem (2) is the
solution of a system of equations, which also determines decision accuracy A*(u), cognitive cost
C*(pn), and hence expected value obtained V*(u) = A*(u) — C*(1). The next result provides the

explicit solution to these equations.

THEOREM 1. The optimal choice probability p*(u) that solves (4), is equal to

0 if p<p
PP =3 s anty f p<p<n (7)
1 if p=mp

where p=(e'/*+1)7' <1/2 <p=e"*(e/*+1)~'. Furthermore, p* (i) is non-decreasing in p, pt

is increasing in A and i s decreasing in A.

Overall, Theorem 1 characterizes the effect of the DM’s prior belief u on her optimal choice
probability p*(u). If the DM’s prior belief about the true state of the world is sufficiently strong
(i.e., p > or p < p), exerting any effort to learn more about this state is not worth the cognitive
cost. The DM then makes an immediate decision without assessing any information, based solely on
her prior (i.e., p* (1) =1 or 0). Otherwise, the DM exerts effort to assess the available information
until her belief about the true state of the word is sufficiently strong, at which point she commits
to a choice. But, because she does not know what this assessment will reveal a priori, her final
decision is uncertain ex-ante (i.e., 0 < p*(u) < 1). Furthermore, the stronger the DM believes a
priori that the world is in the good state, the more likely she will decide accordingly by choosing
a=y (i.e., p* (u) is non-decreasing in pu).

Theorem 1 also enables characterizing the impact of information cost A on the optimal choice

probability, which we denote by p*(A) in the next result with a slight abuse of notation.
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COROLLARY 1. Given prior 0 < <1, a positive (possibly infinite) threshold X exists such that
the optimal choice probability is equal to
17;1/,\ - 611/711 if A <§\
(A= 0 if A>Xand u<0.5 (8)
1 if A>Xandp>0.5,

-1 _
if w#0.5 and X\ =+oo if p=0.5. Further, p*(\) is decreasing (resp.

where \(jt) = ‘logl_T“
increasing) in A, and \ increasing (resp. decreasing) in u when p< 0.5 (resp. p>0.5).

8
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Figure 1 Effect of prior belief ;. on the DM’s tolerance to information cost \

Hence, the DM exerts effort only if the information cost is not too high, i.e., less than a threshold.
In this case, her probability of choosing the good state increases with A if she favors this state a priori
(u>1/2), and decreases otherwise. Indeed, the higher the information cost, the less information
the DM assesses and thus the less likely her updated belief will significantly change from her
prior. Otherwise, she decides a priori that the state is good (resp. bad) if her prior is larger (resp.
smaller) than 1/2. In this case, the DM jumps to conclusions as she relies solely on her prior belief
without assessing any information. In this sense, threshold A determines the DM’s tolerance to the
information cost. Taken together, Corollary 1 states that the set of prior beliefs for which the DM
processes information is an interval centered at 1/2, that shrinks with information cost A.

Figure 1 depicts the impact of prior u on threshold \. When the DM does not have much prior
knowledge about the true state of the world (the value of yu is close to 1/2), she is ready to exert
a lot of cognitive effort to learn more and hence tolerate high information costs (the value of X is
high). In particular, the DM always assesses information and exerts effort when the true state is
perfectly unknown (\ = +oo for = 1/2). As the DM is more certain a priori about the true state
(1 approaches 0 or 1), she is less willing to exert effort and jumps to conclusions for lower values

of information costs (\ decreases as y approaches 0 or 1).
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4.2. Decision Accuracy and Cognitive Effort
From Lemma 1 and Theorem 1, we obtain the following closed forms for A*(u), C*(u) and V*(u).

COROLLARY 2. Given prior i, we have

o If p<p, then A*(p) =1—p and C*(p) =0.

o I i< p< then A*(n) = ' and C*(n) = A[H () ~ p (V).
o If u>m, then A*(u) = p and C*(u) =0, where

1 1 ex
w(A)zlog(ei—Fl)—Xe%_i_l. 9)

Further, ¢ (-) is increasing, with p(0) =0 and lim,_,o, ¢ (A) =log2. Also, V*(u) = A*(p) — C*(1).

Function ¢ (A) is the residual uncertainty Es[H(f(g|s))] (see Section 3.1) at optimality. The
higher the information cost, the less precise the elicited signals are, and thus the less uncertainty
is reduced. Per Corollary 2, residual uncertainty ¢ (A) is fully determined by the information cost
and independent of the prior. In fact, as long as the DM chooses to process information (i.e.,
1 < p <), her decision’s expected accuracy depends solely on the information cost and not on her
prior belief. Figure 2a illustrates this for a fixed A. Here, the red dotted curve given by max(u,1— p)
corresponds to the decision accuracy level the DM obtains when she bases her decision solely on her
prior belief (i.e., A — 00). The solid blue curve is the accuracy function A(yu) for a finite information
cost value, which is constant when the DM chooses to process information. The difference between
these two curves precisely corresponds to the gain in accuracy the DM enjoys due to cognitive
effort. When the decision task is most difficult (i.e., when the DM is most uncertain with @ =0.5),
the DM obtains the highest accuracy gain, while the magnitude of this gain depends on A.

In contrast, the DM’s prior affects expected value V* through task difficulty H(u), if she chooses
to exert effort. Specifically, the task difficulty increases the reduction in uncertainty H(u) — @(\)
that the DM’s effort brings about. Thus, Corollary 2 implies that the expected uncertainty reduc-
tion and hence the optimal expected cost increase, while the expected value decreases with the
task difficulty (i.e., as p approaches 1/2) which is illustrated in Figure 2b. Similar to Figure 2a,
the dotted curve corresponds to the expected value the DM obtains when there is no cognitive
effort, in which case it is equal to the expected accuracy. The difference between these two curves
corresponds then to the expected gain that the DM enjoy for exerting cognitive effort.

The structure of optimal cost C* in Corollary 2 sheds further light on thresholds p and f.
Indeed, these thresholds determine when the task difficulty is exactly equal to the optimal reduced
uncertainty, that is, H(u) = H(fi) = ¢(A). If p < p or p> fi, the level of task difficulty is already
lower than the reduced uncertainty that any cognitive effort would achieve in optimality, that is,

H(u) < ¢(A), and the DM prefers to decide a priori, without assessing any information.
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Figure 2 The DM'’s accuracy and value functions, and corresponding gains due to cognitive effort.

That the optimal accuracy is independent of the prior stems from a well-known property of
rationally inattentive choice and the fact that the DM maximizes accuracy (net of cognitive costs).
Indeed, when some information is processed at optimality, rationally inattentive agents always form
the same posterior belief regardless of their prior (see Caplin and Dean 2013). These optimal pos-
teriors correspond exactly to the belief thresholds that define whether it is economically attractive
for the DM to process information (¢ and 7z), which depend only on the payoffs and information
cost A. Intuitively, this means that the DM sharpens her belief by processing costly information,
up until the point beyond which it is no longer justified. More specifically, in our context, the DM’s
optimal posterior belief that the state is good given the aggregate signals that lead to the action
a=y (resp. a =n) is precisely fi (resp. ) when she processes information. Additionally, since the
payoff structure is symmetric in the states, these thresholds (hence, the optimal posteriors) are
also symmetric. That is, the DM’s posterior belief that the state is good given action a =y (i.e., it)
is equal to her posterior belief that state is bad given a =n (i.e., 1 —p). In our setup, these are also

equal to the accuracy, as it is just the expectation of these over the choice (action) probabilities.

4.3. Decision Errors

Being constrained on cognitive capacity, the DM is bound to make choices based on partial infor-
mation. Indeed, eliminating all uncertainty is never optimal (¢(A) >0 for A > 0). Hence, accuracy
is strictly less than one and the DM makes false positive and negative errors, with rates o* and 8*,

respectively. From Theorem 1, we obtain these error rates in closed form in the following corollary.
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COROLLARY 3. Given prior pu, error rates o*(u) and 5*(u) are equal to

0 if p<p % if p<p
* — ) > * ) >
of (p) = 11“ pooif o p>p and B () =4 | OI/A o pzp
M otherwise w otherwise
62/>‘71 82/>‘71 :

If the DM is confident enough that the state is bad (u < p), she chooses a = n without any
cognitive effort, preventing her from making a false positive error (a* = 0) but maximizing her
chance of making a false negative one (8* = u). The reverse is true (a=y, a* =1—p and *=0)
when the DM is sufficiently confident that the state is good (u > 1). Otherwise, the DM processes
some information and the error rates depend on both the prior and the information cost (with
0<a*<l—pand 0<pf*<p).

Both a* and §* are piecewise linear and unimodal functions of u. In particular, when the DM
exerts effort (u < p < f1), the false positive rate increases, while the false negative one decreases as
the prior increases. In fact, an increase in prior p has two conflicting effects on the false positive
rate. On one hand, the good state is more likely, which decreases the chance of false positive errors.
On the other hand, the DM is more likely to choose action a =y for a higher level of 1 per Theorem
1, which increases the chance of false positive errors. In essence, Corollary 3 indicates that the

second effect always dominates the first one. A similar result holds for the false negative rate.

5. Impact of Machine Input on Human Decisions

Thus far, we have considered a rationally inattentive DM that decides alone. We now investigate
how the DM’s decision process and its outcomes change when she is assisted by a machine-based
assessment. In particular, we compare the DM’s decisions, the extent of errors she makes, and the

amount of effort she expends with and without the machine.

5.1. Machine-Assisted Decision-Making

With the machine, the DM first observes the machine’s output x;, which determines her new belief
u*, x € {+,—}, according to (3). The DM then dedicates all her cognitive capacity to evaluating
x9. We denote by pf, (1) the resulting ex-ante probability that the DM chooses a =y as a function

*
m

of her initial prior belief p. Similarly, Ar (1), Cr (1), Vii(p), ok, (1) and 5% (1) denote decision

accuracy, cognitive cost, expected value, and error rates, respectively, that the DM achieves in the

presence of the machine. The following (immediate) lemma characterizes these different metrics.

LEMMA 2. Given prior u, we have

P (i) = pr (ut), o () = l%a* (1% Bi(p) == (u)

o ut put
* M B * Mo * H H 1«
Am(M):l—MT‘i‘MTA (/ﬁ), Cm(M):MTC (M+)a szl—MTWL/FV (M+)-
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Thus, given information cost A, the decision’s outcomes in the presence of the machine can be
described with two free parameters (u,u*) € S = {(z,y) € [0,1]?, s.t. x < y}; prior u, and updated

prior u* when the machine gives a positive signal on X;.

5.2. Impact on Decision Accuracy and Value
Since the machine provides accurate information at no cognitive cost, the machine always improves

the expected accuracy and total value of the DM, as stated by the following result.

PROPOSITION 1. For any given A >0 and (u,u™) €S, we have Af, > A* and Vi > V*.

m

Figure 2 illustrates Proposition 1. The accuracy levels that can be achieved with a machine for
all combinations of (u,u™) € S correspond to the convex hull of the accuracy curve in Figure 2a
(solid blue curve) without the machine. All these points lie above the curve and hence provide
greater accuracy. Similarly, the convex hull of the value curve in Figure 2b depicts the set of all
possible expected values that the DM can achieve with a machine, showing that it always increases
the DM’s expected value.

This result provides theoretical support for the growing empirical literature showing that human-
machine collaborations boost overall accuracy. Interestingly, Proposition 1 is partly driven by our
premise that human cognition is flexible. This feature corresponds in our setup to the unrestricted
feasible set of information processing strategies (other than the Bayesian consistency requirement).
Indeed, when a priori restrictions are imposed on this feasible set, and hence human cognition is

less flexible, accuracy sometimes decrease with the machine (see Appendix F).

5.3. Impact on Decisions
The machine improves the expected accuracy and total value of the decision by influencing the
DM’s choice. The next result determines how the presence of the machine affects this choice as a

function of prior pu and posterior belief p*.

THEOREM 2. Given information cost A, we have
i) If p* < p, then p}, =p* =0.
i) If p<p and pt € (p, 1), then pi, >p*=0.
i) If p < p and p* >, then pi, > p*=0.
w) If p<p< pt <, then py, > p*.
v) If pe (H? ﬁ) and pt >, then fi. exists such that p}, > p* if p < fi. and p}, < p* otherwise.
vi) If p >, then 1 =p* >pr..
Further, threshold fi. is decreasing in u* and equal to fi. = <el/A +1- 61;#)_1 > 1/2.
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Figure 3 Impact of the machine on the DM'’s decision in parameter space S, for A =1.

Overall, Theorem 2 identifies necessary and sufficient conditions under which the presence of
the machine decreases the DM’s probability of choosing a =y. This happens when the DM’s prior
belief is strong enough (/. < ), and a positive assessment by the machine boosts this belief to a
sufficiently high level (u* > fi). Threshold fi. is then the value of prior u, at which the direction of
the machine’s impact changes.

Figure 3 illustrates this result in parameter space S, for a given A. The partition of parameter
space S in six different subsets corresponds to cases i-vi in the theorem. Cases 4,47 and ii depict
situations in which the DM does not exert any effort in the absence of the machine and chooses
a=n as a result. This happens when her prior is sufficiently low (i.e., u < u) per Theorem 1.
Similarly, case vi corresponds to situations in which the DM chooses a =y a priori because her
prior is sufficiently high (i.e., 4 > 7). In cases ‘v and v, however, the DM always exerts effort to
assess information in the absence of the machine. The figure demonstrates that threshold fi. divides
space S into two (top-right and bottom-left) areas, such that the presence of the machine decreases
the DM’s probability of choosing the good state (i.e., p};, < p*), when (p, ") lies in the top-right
area, and increases the choice probability otherwise.

This result stems from the fact that the machine sometimes dispenses the DM from exerting any
effort as well as the impact of the information cost on the DM’s choice. To see why, consider the
effect of the machine on the DM’s choice probability as a function of the information cost, which

we characterize next.

COROLLARY 4. We have the following:
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o If 1 <0.5, then p}, > p*.
e If 1> 0.5, then threshold X\* exists such that pl, > p* if A< A" and p;, < p* otherwise.
—1

Further, threshold \* is decreasing in prior belief p with, \* =log <‘M>

In other words, when the DM believes a priori that the good state is more likely (u > 1/2),
the presence of the machine reduces her probability of choosing a =y if the information cost is
sufficiently high (A > A*) and increases this probability otherwise. Figure 4 illustrates the result

and depicts threshold A* as a function of prior pu.

—_— )\

Dy 2P

Information cost A

0 0.2 0.4 0.6 0.8
Prior belief p

Figure 4 Impact of the machine on the DM’s decision as a function of information cost A\ and prior , for

=08

Without the machine, probability p* is increasing in the information cost when the DM favors
the good state a priori, that is, u > 1/2 (per Corollary 1). This is because the higher the information
cost, the less information the DM assesses and thus the less likely it is that she will deviate from
her prior choice.With the machine, a positive assessment by the machine boosts the DM’s belief,
further amplifying this effect. In fact, when information cost A is greater than threshold A\(u™)
defined in Corollary 1, a positive machine’s assessment prompts the DM to immediately choose
a =y without exerting any additional effort (since 0.5 < < ™). Thus, the ex-ante probability of
choosing the good state, py,, corresponds exactly to the chance of a positive result by the machine.
And since the machine does not exert any cognitive effort, this probability is independent of the
information cost. Hence, probability p* increases, while probability p}, remains constant and the
former dominates the later when the information cost is sufficiently large.”

"By the same token when g < 1/2, the choice probability is non-increasing in the information costs which explains
why we have p* < pr, in this case.
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In other words, a DM without machine sticks to her ex-ante choice with high probability under
high information cost. In contrast, a DM assisted by a machine exclusively relies on the machine’s
result under high information cost. If the machine is not sufficiently likely to confirm the DM’s
prior, the presence of the machine reduces the DM’s chance of choosing the good state. It increases

this probability otherwise. In effect, the machine may increase the variability of the DM’s decision.

5.4. Impact on Decision Errors

From Proposition 1, we know that the machine always improves accuracy and hence reduces the
overall probability of making a mistake. But Theorem 2 indicates that the machine changes the
ex-ante probability of choosing an action. This, in turn, should affect the nature of errors that the

DM is likely to make. The next result characterizes this effect.

THEOREM 3. Given information cost A\, 8, < for all u€0,1]. Further, we have
i) If p* < p, then ay, = a* =0.
i) If p<p and pt* € (p, ), then o, > ao* =0.
i) If p<p and p* >, then af, > o* =0.
w) If p<p< pt <@, and pt € (p, i), then o, > a*.
v) If p€ (u, 1) and p* >, then threshold fip, < fi. exists such that o, > o if p < fiy,, and
ar, <ar otherwise.
vi) If p >, then of, < o*.

1
Further, threshold fis, is decreasing in p* and equal to fip, = (62/’\ + et/ — %) .

=
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Figure 5 Impact of the machine on DM’s false positive error rate in parameter space S, for A =1.
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Theorem 3 states that the machine always improves the false negative rate and thus decreases
the DM’s propensity of choosing a =n when the state is actually good. This happens even when
the machine induces the DM to choose a =n more a priori (i.e., p}, < p* when p > pt per Theorem
2). However, the machine sometimes boosts the false positive rate and thus increases the chance
that the DM will choose a =y while the state is actually bad. This happens if the DM’s prior belief
is not too strong (u < fir,). The machine decreases the false positive rate otherwise. In fact this
may happen even when the machine raises the possibility of making this mistake by increasing the
overall probability of choosing the good state (i.e., when fis, < 1 < fi. per Theorem 2).

Figure 5 illustrates this result in parameter space S, for a given \. It demonstrates that threshold
iy, divides space S into two (top-right and bottom-left) areas, such that the presence of the
machine decreases the DM’s probability of making a false positive type error (i.e., o, < a*), when
(w4, pt) lies in the top-right area, and increases otherwise. The effect of information cost A on DM’s

error rates, however, is more subtle as the next corollary shows.

COROLLARY 5. Given prior p, we o, > a* for p* <0.5. For u™ > 0.5, we have

o If u<p*=4u* (217“:)2, then o, > o*.
—p

o If p* <pu<0.5, Ay, and Ny, exist s.t. o, > a* if A< Xy, and A > Xp,. Otherwise o, < o*.
o If u=>0.5, ay, > a* if A< A, Otherwise o, < a*.

m

Corollary 5 establishes that regardless of the cost of information, if the DM’s prior is sufficiently
low, the machine always increases the DM’s propensity of making a false positive error which is
consistent with Theorem 3. This is because when the DM sufficiently favors the bad state, she
chooses a = n more often, which greatly reduces her chance of making a false positive error. In
fact, when p < p, she never makes a false positive error. On the other hand, a positive machine
assessment may render the DM more uncertain (when g is close to 0.5) or may greatly favor the
good state, prompting her to make more false positive errors.

When the DM’s prior is not too low, the information cost plays a central role in determining
the machine’s impact on the DM’s decision errors. To understand this effect, first consider the case
where the DM initially favors the good state (i.e., u > 0.5). When the information cost is sufficiently
low, it is easier for the DM to distinguish the states and less likely that she will make an error. Yet,
the machine can increase the DM’s chances of making a false positive error by increasing her prior
to a sufficiently high level where she chooses a =y directly without acquiring further information.
On the other hand, when the information cost is high, the DM without the machine is likely to
make a false positive error as she is inclined to choose a =y based on her prior belief (see Corollary

1). The machine, however, can decrease this chance by completely revealing the bad states.
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A more subtle effect of the information cost emerges when the DM is sufficiently uncertain, but
favors the bad state initially (u is close but strictly less than 0.5). Again, when the information
cost is sufficiently low, she makes fewer false positive errors without the machine as she can still
distinguish the states, and the machine may induce her to choose a =y directly without acquiring
further information. However, contrary to the previous case, she also makes fewer false positive
errors without the machine when the information cost is sufficiently high, as she is inclined to choose
a =mn based on her prior belief. Thus, the machine only helps the DM to reduce her false positive
errors for moderate information cost levels. Figure 6 illustrates this. The figure plots information
cost thresholds A, and Asp as functions of prior belief u for the case where u* > 0.5. The prior
belief p at which the two curves meet precisely corresponds to p*. We provide the closed-form

characterizations of the two information cost thresholds in Appendix A (proof of Corollary 5).
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Figure 6 Impact of the machine on DM’s false positive error in information cost \ and prior p, for u™ =0.9

Taken together, the results of this section have important implications for the operations of
organizations. In particular, the increase in false positives that the machine may induce translates
into an unnecessary increase in capacity utilization in the downstream stages of a process. This
means, for instance, that congestion levels and waiting times following the decision task can increase
exponentially, as per basic queueing theory. This is indeed the case in manufacturing operations
involving Al-assisted quality inspection and fault detection where increasing false positives may
lead to unnecessary downtime, productivity losses and increased costs. Consequences are even
more severe when the task consists in detecting low-frequency and high-risk events such as money
laundering and fraud in banking, where even slight increases in false-positive rates may dramatically

increase subsequent workload (Kaminsky and Schonert 2017).
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5.5. Impact on Cognitive Effort

The machine improves the expected value of human decisions, V* = A* — C*, by increasing accuracy
A* (Proposition 1) due to a decrease in decision errors, but also a change of error types (Theorem
3). An additional and perhaps more intuitive channel by which the machine might improve this
expected value is cognitive cost C*. Indeed, the machine provides information at no cost and may
partially relieve the DM of her cognitive effort. This, in turn, should improve the decision’s expected
value. Yet, the following result, one of our main findings, shows that this is not always the case. In

fact, the machine sometimes increases the DM’s cognitive cost with C}, > C*.

THEOREM 4. Given information cost X we have,
i) If pt < p, then C}, = C* =0.

i) If p<p and pt € (p, 1), then C > C* =0.

i) If p < p and p* >, then Cy, = C* =0.

w) If p< p<pt <, then fie <1/2 exists such that C}, > C* if p < fi. and C}, < C* otherwise.
v) If pe (u, ;) and ™ >0, then 0=C}, < C*.

vi) If w>, then C, =C*=0.

Furthermore, threshold fi. is decreasing in p* and the unique value of p, for p < p < p*™ <7, that

satisfies
() = FH (i) = (1= o)) (10)
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Figure 7 Impact of the machine on DM’s cognitive effort in parameter space S, for A=1

Theorem 4 identifies the necessary and sufficient conditions under which the machine induces

the DM to exert more effort. This happens when the DM sufficiently favors the bad state a priori
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(1 < fie <1/2), which is illustrated in Figure 7. In this case, the task difficulty increases with a
positive machine output and the DM needs to exert more effort.

More generally, the machine affects the DM’s cognitive cost via the task difficulty and the residual
uncertainty (H(u) and ¢(\), respectively, with C* = H(u) — ¢(A)) but in opposite directions. On
one hand, the machine always provides additional information, which thus always reduces the task
difficulty in expectation (H (u) > Ex, H(p*1)). This task simplification contributes to reducing
cognitive effort. Note that the effect is ex ante. The DM expects the machine to reduce the difficulty
before obtaining the machine assessment. Ex post, a positive result of the machine can increase
the task difficulty (i.e., H(u) < H(p")). On the other hand, the machine is precise and hence
always decreases the residual uncertainty. In particular, the state is known when the machine’s
result is negative and, thus, the machine always reduces the residual uncertainty in expectation
(p(N) > P(X;=1)p(AN)). This gain in precision contributes to increasing the DM’s cognitive effort.

Hence, the machine induces the DM to exert more effort when the precision gain dominates the
task simplification that the machine brings about. This happens when the prior is sufficiently small

and the information cost is large enough, as stated by the following corollary.

COROLLARY 6. If ut > 0.5 and pu>1— pu'*, then Cr, < C*. Otherwise, a unique threshold \*
exists such that C, > C* if X\ >\ and C}, < C* otherwise. Further, threshold \: is increasing in

w and satisfies

T & =p(A?) (11)

cr<Cc*

m —

Information cost A

0 \ \ \ \ \ \
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Prior belief u
Figure 8 Impact of the machine on DM’s coghitive effort in information cost \ and prior p, for u* =0.7

In other words, if the DM sufficiently believes that the state is good (x> 1 — pt), the machine

always decreases her cognitive costs in expectation. Otherwise, the machine increases the cognitive
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cost when the information cost is sufficiently large (A > A\*). This means, perhaps surprisingly, that
a machine induces more cognitive efforts when the DM is not sure about the good state and is
already experiencing a high level of cognitive load (i.e., for a high \), but reduces these efforts
when she is relatively sure about the good state or has already ample cognitive capacity (i.e., for
a low \). Figure 8 illustrates this. The figure depicts \* as a function of prior belief i for the case
where pt =0.7. Note that A* is defined only for belief values that are less than 1 — p™ = 0.3 and

determines whether the machine increases the DM’s cognitive effort or not.

6. Extensions

We extend our baseline model in various directions to glean further insights regarding the impact
of machine on human behavior. In particular, we first generalize the payoff structure and assume
that DM aims to maximize her expected payoff (net of cognitive effort) instead of accuracy. This
allows us to incorporate asymmetric costs for false negative and positive errors. We then explore
settings where the DM mistrusts and is biased against the machine. Lastly, we study the case where
the machine reduces the DM’s uncertainty in a symmetric manner (i.e., not always revealing the
bad state upon negative assessment), by considering three possible states of the world instead of

two. More details and all formal results can be found in the Appendix.

6.1. Generalized Payoffs

Our base model assumes that the DM’s payoff corresponds to the overall accuracy of her decisions.
Accuracy is indeed the main performance metric of interest in the empirical literature on machine-
assisted decisions. However, our framework can also account for a general payoff structure of the
form u(a,w), for (a,w) € {y,n} x {g,b}. This general payoff structure may possibly create an
asymmetry in the DM’s incentives that our previous analysis does not capture. Specifically, a DM
who cares only about accuracy does not prefer one state over the other. By contrast, an asymmetric
payoff structure may induce the DM to allocate more effort toward a specific state at the expense
of the other. This has implications for her choices and decision errors. For instance, if identifying
the bad state is more important (as is perhaps the case in a medical setting where it corresponds to
a sick patient), the DM may tolerate false negatives more and choose a =n more often. We assume
w.l.g that u(y,¢9) =1 and u(n,g9) =0 (see Appendix B), such that difference 6 = u(n,b) — u(y,b)
represents the net value of correctly identifying the bad state.

We find that the threshold structure of our results continues to hold in this more general set-up
(see Appendix B). Further, the set of beliefs p and pt for which p¥, > p* widens as J increases.
Similar results hold for the false positive error rate and expected cognitive effort. The set of prior
values for which the machine induces fewer false positives (a, < a*) and reduces cognitive effort
(Cr, < C*) shrinks as § increases. And as in our base case, the machine consistently reduces the

false negative rate regardless of the incentive structure across states.



Boyaci, Canyakmaz, de Véricourt: Human and Machine

26

6.2. Incorporating Trust (Bias) to Machine Input

In our base model, the DM fully trusts the machine input. We extend our model to account
for possible biases that the DM may hold against (or toward) the machine. As a result of this
mistrust, the DM may not fully believe, for instance, that the state is bad when the machine’s
signal is negative. In this sense, the machine is not seen as perfectly accurate anymore. In fact,
the framework we propose next can also account for the false positive or negative errors that an
inaccurate machine may generate.

To account for the DM’s trust and bias toward the machine, we follow the behavioral operations
literature (see Ozer et al. 2011) and assume that given machine input z; € {+, —}, the DM updates
her belief according to pu} = (1 —v)p +yu* and p; = (1—+)p, where higher values of trust
parameter v € [0, 1] indicates more trust in the machine. That is, the DM mixes her prior belief x
with the posterior belief she would have were she to fully trust the machine. We retrieve our base
model when v =1, while the DM fully ignores the machine and always decides alone when v = 0.
For 0 <~ <1, the DM’s level of trust weakens the effect of the machine input on the DM’s belief,
Le. pm =0<p; <p< uj < p*. In particular, the negative signal of the machine does not fully
reveal the bad state, that is p7 >0 in this case.

In this setup, we show that the machine always improves the DM’s expected accuracy and value
for any trust level (see Proposition 2, Appendix D). We also fully characterize the impact of the
machine on the DM’s behavior, and find that the machine may continue to increase the DM’s
propensity of making false positive errors. As in our base model, this happens when the DM does
not strongly favor the good state a priori. In contrast to our base model, however, the machine
may also increase the DM’s propensity to make false negative errors. This happens when the DM
strongly favors the good state a priori, and is due to the DM’s mistrust in the machine’s negative
signal, which yields p >0 (see Proposition 3, Appendix D).

Similarly, we show that the machine can increase the DM’s cognitive effort in this setup as well.
This happens when the DM sufficiently favors either the bad or the good state (see Proposition
4 and Figure 13 in Appendix D). The former case is consistent with Theorem 4, and a similar

rationale holds. The second case, however, does not occur in our base model.

6.3. A Symmetric Setting with an Additional State

In our base model, the machine reduces the DM’s uncertainty in an asymmetric way as it fully
resolves the bad state for the DM when the first information source X; is negative. We now
extend our model to account for a symmetric setting, and show that our key insights continue to
hold. In particular, we consider a third state, which we call moderate (denoted by w=m) and a

corresponding accurate decision, which is declaring the test as inconclusive (denoted by a = 0). We
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assume that the true state is good (resp. bad) if and only if both X; and X, are positive (resp.
negative). Otherwise (i.e., if (X, X5) € {(+,—),(—,+)}), the state is assumed to be moderate. In
this setup, the machine never fully resolves the DM’s uncertainty. That is, although a negative
signal rules out the good state, the DM may still need to process information to distinguish the bad
from the moderate state. Note that with more than two states, the DM now forms consideration
sets (see Caplin et al. 2019) and may rule out some of them a priori, before eliciting any signal.

We fully characterize the DM’s choice probabilities as a function of her prior beliefs in this set-
up (Proposition 5 in Appendix E). As in our base model, we show that when information cost A
increases, the DM becomes less willing to process information for weaker prior beliefs (see Figure 14
in Appendix E). The machine also continues to always improves the DM’s accuracy and expected
value (Proposition 6, Appendix E).

Although the machine always improves overall accuracy, the machine may still increase certain
error types and induce the DM to exert more cognitive effort as in our base model. To explore this,
we focus on situations in which the machine reduces uncertainty in a symmetric manner, i.e. where
the DM’s prior and posterior beliefs are symmetric. In this case, we find that the machine increases
the DM’s false positive and negative errors, as well as her cognitive effort if she sufficiently favors

the moderate state a priori (Propositions 7 and 8, Appendix E).®

7. Concluding Remarks
Humans have always been interested in harnessing technology and machine capabilities for com-
petitive advantage. With the advent of data-based technologies and AI, the collaboration between
humans and machine has moved even more to the forefront. This stems from the increasing recog-
nition that human and machines can complement each other in performing tasks and making
decisions. In this paper, we develop an analytical model to study the impact of such collaborations
on human judgment and decision-making. Our model incorporates the quintessential distinguishing
features of human and machine intelligence in a primary decision-making setting under uncertainty:
the flexibility of humans to attend to information from diverse sources (and, in particular, the
human domain knowledge and the decision context), but under limited cognitive capacity, and in
contrast, the rigidity of machines that only process a limited subset of this information, but with
great efficiency and accuracy.

We integrate these features endogenously utilizing the rational inattention framework, and ana-
lytically characterize the decisions as well as the cognitive effort spent. Comparing the case when
the human decides alone to the case with machine input, we are able to discern the impact of

machine-based predictions on decisions and expected payoff, accuracy, error rates, and cognitive

8 Accuracy increases because false positive and negative errors are offset by a decrease in false moderate errors.
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effort. To put these results in perspective, consider a generic medical assessment setup, in which
machine-based predictions (e.g., ML algorithm processing digital images) provide diagnostic input
to the physician. The physician can conduct more assessments and tests with the patient. When
both assessments are positive, then the patient is “sick”. The prior reflects the true nature of the
disease’s incidence within the patient population (probability of patient being sick).

Our findings suggest that the machine improves overall diagnostic accuracy (Proposition 1) by
decreasing the number of misdiagnosed sick patients (Theorem 3). The machine further boosts
the physician’s propensity to diagnose patients as healthy when the disease’s incidence is high
(Theorem 1), and to misdiagnose healthy patients more often when the incidence is low. The
physician also exerts less cognitive efforts with the machine, when the disease’s incidence is high
(Theorem 4). In contrast, the machine induces the physician to exert more cognitive effort when
the disease’s incidence is low and the physician is under significant time pressure (Corollary 6).

In this example, the patient is sick when both assessments are positive, which corresponds to our
basic setup. Other information structures, however, are possible. For instance, consider a generic
judicial ruling task, in which machine-based predictions (e.g., ML algorithm checking evidence
authenticity, or lie-detection test) provide evidence to the judge. The judge can analyze additional
data relevant to the case. When any assessment is positive, then the suspect is “guilty.” The prior
reflects the true nature of the crime level within the suspect population (probability of suspect
being guilty). As we briefly mention in Section 3.2, our basic setup can account for this situation by
relabeling the good state and the positive information in our model as the bad and negative ones,
respectively. This also reverses the effect in our results, as Table 1 depicts. This table provides a
flavor of the different implications that could arise from our findings in two hypothetical settings

fitting to our context.

Medical assessment & diagnostic accuracy

Judicial ruling & conviction accuracy

e Overall diagnostic accuracy is improved
e Fewer misdiagnosed sick patients

e More patients declared healthy when the
disease incidence is high

e More misdiagnosed healthy patients when
the disease incidence is low

e Physician spends less cognitive effort to
diagnose when the incidence is high

e Physician spends more cognitive effort to
diagnose when the incidence is low and time
is constrained

e Overall conviction accuracy is improved
e Fewer acquitted guilty suspects

e More suspects declared guilty when crime
level is low

e More convicted non-guilty suspects when
crime level is high

e Judge spends less cognitive effort to assess
evidence when crime level is low

e Judge spends more cognitive effort to
assess evidence when the crime level is high
and time is constrained

Table 1: Impact of the machine on human decisions for two generic settings
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As the above examples highlight, the incorporation of machine-based predictions on human deci-
sions is not always beneficial, neither in terms of the reduction of errors nor the amount of cognitive
effort. The theoretical results we present underscore the critical impact machine-based predic-
tions have on human judgment and decisions. Our analysis also provides prescriptive guidance on
when and how machine input should be considered, and hence on the design of human-machine
collaboration. We offer both hope and caution.

On the positive side, we establish that, on average, accuracy improves due to this collaboration.
However, this comes at the cost of making certain decision errors more and increased cognitive
effort, in particular when the prior belief (on the “good” state) is relatively weak. Consequently,
applications of machine-assisted decision-making is certainly beneficial when there is a priori suffi-
cient confidence in the good state to be identified. In this case, the machine input has a tendency
toward “confirming the rather expected,” and this provably decreases all error rates and improves
the “efficiency” of the human by reducing cognitive effort. In sharp contrast, caution is advised
for applications that involve searching and identifying a somewhat unlikely good state, especially
when the human is significantly constrained in cognitive capacity due to limited time or multi-
tasking. In this case, a positive indication by the machine has a strong effect of “falsifying the
expected.” The resulting increase in task difficulty not only deteriorates the efficiency of the human
by inducing more cognitive effort, but also increases her propensity to incorrectly conclude that
the state is good. Hence, human-machine collaboration may fail to provide the expected efficiency
gain (and to some extent accuracy) precisely when they are arguably most desirable. Our results
and insights are quite robust; they remain valid when the DM has a mistrust or bias against the
machine assessment, and in generalized settings when the payoffs or machine impact on potential
false positive and negative errors are altered.

Finally, we consider in this paper three different extensions of our base model, but others are
possible. A noteworthy research direction is to explore how our findings change when the DM does
not fully know the machine’s accuracy. de Véricourt and Gurkan (2022) have recently proposed a
dynamic bayesian framework to study this problem. A fruitful approach consists then in considering
a setting similar to theirs, in which the DM is rationally inattentive as in ours.

Another interesting avenue of future research is the estimation and validation of our model using
actual data. This could be conducted in a specific medical assessment setting, such as radiologists
making diagnostic decisions with ML input from digital images. Another suitable setting is the
sepsis alert system discussed in Ayvaci et al. (2021). Here, an algorithm (machine) studies the
health status of a patient to generate an alert, which then triggers additional diagnostic actions
by the caregivers to confirm sepsis detection. Different patient characteristics (e.g., age, disease

history) naturally lead to different risk profiles regarding sepsis. These priors can be estimated
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on the basis of past data. Through controlled experiments with and without machine input, it
would be possible to study the changes in overall accuracy in detection, as well as the error rates.
Conducting these experiments under varying time constraints, the impact of information costs can
be determined. Combining such empirical results with the theoretical predictions would further

advance our understanding of the conditions that make machine-based inputs most beneficial.
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Appendix A: Proofs of Results
This section contains proofs of all results in the main paper and the appendices.

Proof of Lemma 1 (4) follows from Theorem 1 in Matéjka and McKay (2015) which are obtained for

action a =y. A* and C* are by definition.

G1/A

A1-p

Proof of Theorem 1 By (4), we have p=(1—p) Ty Tl which gives

po 1=p
1—e"/A el/x_1"

ﬁ:

Choice probability is 1 when p > 1, or equivalently, u > = ef/li;il Similarly, choice probability is 0 when p <

0 or equivalently p < p= ﬁ As P is linearly increasing in p with ﬁrslt order derivative 1_@%1” + W%_l >
0, p* is increasing in w. Finally, 71 is decreasing in \ as % = —A—geﬁ < 0 and p is increasing in A as
eXx +1> -

1
d 1 eX
dX 2

3 A(;;i;zjﬁ > 0.

-1
Proof of Corollary 1 p<pu= ﬁ & (log %) < A which yields an a =n decision by Theorem 1.

S1/2

—1
TAE e A> (log ﬁ) which leads to a =y

Note that log % is positive when p < 0.5. Similarly, > =
decision and the log term is positive when p > 0.5. Therefore, for any u # 0.5, A can be written in absolute

. Then (8) follows. Furthermore, &p*(\) = 55—~ (24— 1) which is
X1

terms, that is, A = ‘logl_T“ &

e A —

positive when g > 0.5 and negative when p < 0.5. Hence the monotonicity result follows.

Proof of Corollary 2 We can write the DM’s accuracy in (5) in terms of optimal posterior beliefs that
she constructs as
A" = (1= p) (1 =p) + ppy =~(bln) (1 = p") +(gly)p”

where y(wla) denotes the optimal posterior that the state is w given action a. When p < pu, A* =1—p
as p* =0 and y(b|n) =1 — p. Similarly, when p>n, A* = p as p* =1 and ~(gly) = u. For the case where
we [H’ ﬁ}, we use the optimal posterior characterizations that are given in Lemma 3 (in Appendix C) for
0 =1, which yields v(gly) = = % and y(g|n) = p = 51/71“ Note that y(gly) = v(b|n) and we have
A =Ti= .

Using the symmetry of mutual information (see Cover and Thomas 2012), we can write (5) as

C*=X[H (p) —pH (v(gly)) — (1 —p) H (v(g|n))] -

Assume that p € [p,71] . Then, as y(gly) =1 —~(g|n) we have H (v(gly)) = H (7(g|n)) from the symmetry of
the entropy function H in [0,1]. Then, C* becomes

61/)\ e1/>\ 61/>\ 1 1
C*:/\{H(M)_H<el/%+1)]:/\[H(M)—i_el/k—&-l]ogel/*—f—l+el/*+110ge1/k+1
=\ H 1 61/)\ 1/X
= |: (N)+Xm—10g(€ +1):|

When, p ¢ M, ﬁ] , C* =0, as v(g|y) = v(g|n) = p. Finally, V* is found by taking the difference A* — C*.
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Proof of Corollary 3 When < u, p, =p, =0, hence a* =0 and $* = p by (6). Similarly, when x> 7,
Py =py =1, hence a* =1 —p and f* =0. Now assume p € [H’ ﬁ] . Writing (6) in terms of optimal posteriors
in Lemma 3 for 6 =1 and plugging in optimal choice in (7), we obtain
1 ( m l—u)_u(el“—i—l)—l

1

=(1=wp=0-10)r= g (7=~ anog T

. - - 1 M 1_111 _61/>\_ILL(61/>\+1)
B —M(l_pg)—7(9|”)(1_P)_ el/x 1 (1_ 1— e—1/A +€1/)\1> - e2/X _ 1 :

Proof of Lemma 2 Using u~ =0, the result directly follows by (7), Corollary 2 and Corollary 3 for p*,
ar, p*, A*, Cr V.

Proof of Proposition 1 A* given in 2 is convex in p for [0,1]. Then, by Jensen’s inequality,
K H H - H HH
A*;LA*<(1 )u +— +)§<1>A*u + —A"(p")=1—- +—A (uT) =A% (n).
(1) p = ) A s (1") e (") (1)
Similarly, the value function V* is also convex in p. To see this, note first that V' (u) is linearly decreasing in

[07 M , convex in L ﬁ] since the entropy function H is concave) and linearly increasing in [z, 1] . Furthermore,

the slope of A [log (eA + 1) u)} is the same at both of these cutoff points. More specifically,
d 1 p T
— /\{log(eA +1)—H(u)}:>\log =Alog ———F—=-L
dp [n=p 1— lp=p SR

Similarly, )\log% = 1. Since the slope is increasing in u, V (u) is convex in p for p € [0,1]. By Jensen’s
inequality V* (u) <V* ().
Proof of Theorem 2 Note that i), i), ii4) and vi) follow by the optimal choice probability in (7) and
the fact that p*, = p/utp* (uh).

iv) Using (7) and -% <1, we have

o p (et A=t N o e e e
pm_;ﬁ‘ 1—e /2 el/A—1) 1—e /X e/A—1" 1—e /> el/k—l_p

v) p, > il weya e ﬁ which can equivalently be written as

1 N 1 1 1 "
a1 oM\ Tt AT T ) (12)
The right hand side is always positive since u™ > % That is,
1 1 1 et/> -1

- +
T <0&u" >

17671/)‘—’—61/)‘71_ et/>+1

which is always true since u*™ > % Then, (12) can be written as
1 1/ -1
I/ e’/r—1
pt<— 5 1:(61”4_1_ + )
1—e—1/A +el/)‘—1 Tz ‘LL

Note that fi. is decreasing in p+ and for u™ =1, fi. =0.5. Then @, > 0.5.

I
=
e

Proof of Corollary 4 Assume p € [H7 ﬂ] for a fixed A. By Theorem 2, since i, > 0.5, p¥, > p* for © <0.5.
For p < p, p;, > p* by i, 4 and 4ii. This proves the first part. When p > 0.5, py, <p* if 1 > i, for a fixed .
1/x_q

—1
Using i, = (61/>‘—|—1— %) > 1/2 we have

1 X _ 1 ++1—* H+_|_1_L
p>h.e <P yp1- 8 & L >e/ o N> [ log——— =\".
I

wt 1—pt 1I—pt
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Proof of Theorem 3 i), ii), iii) and vi) follow directly by the optimal error probability functions a* (1)
and 3* (p) in Corollary 3 and the fact that o, = p/uta* (ut) and 8%, = p/u™?* (u*).

iv) Since 4 <1 we have
I

S ) B TS S
m T lu_;,_ H - e2/x — 1 e2/x — 1 -
and
P Al i e A e ) Caliest) B
™t H e2/x — 1 e2/> —1 '
v) af, >a* when
x41)—1 1 1 1
] Gl It DI 5 S _
pt (1=p%)> en—1 K pt ! TSRO T T e
1 1 1
H el/*—l_ui_F S
1 2/x 1\ 7}
2/ _1 _(o2/x 1 € ) _ -~
Sl —g—F—— ="+t = —— = Kp-
anTT ~r T wr "
Furthermore,
—~ e 1\ " 1\t
pr — <62/>\ +€l/>\ — //ﬁ) < (el/A + ]. — w) :luc
2/x _q 1x _q 1/ 1/
a1 ¢ _¢ @el/k+1>e—+@,u+> c I
I

‘u+ ‘u+ el/A —+ 1 =
which is always true by assumption. For the false negative, since 8* (u*) =0, we have 8%, =0 < 3*.
Proof of Corollary 5 Solving the belief threshold fif, in Theorem 3 for ), we obtain the following two

roots;

1

- 2 )2 a(l_pt)ut
log [% (171H+ _1_|_\/u( ”uzlfu(*')zu ) )}
1

1—
2 )2 —4(1—put+)ut
log[§(11+—l—\/( 21 (+)2 ) )}

Note that these roots are real valued when expression inside the square root is positive, that is, when u >

>~
iy

A

4pt (21:::)2. Otherwise there are no real roots and o, > o*. Assume that this condition holds and consider

A1. It is positive when

1 1 2 — )2 —4(1 — p+ )t 1 2 — )2 —4(1 — )t
1 Cq ol pRopr)2 A et ) Py a0 et S ) A
2\ 1-pt p(l—pt)? 1—pt p(l—pt)?

Note that first u* > 2/3 should hold so that the left hand side is positive. Then, it can be shown that (after

some elementary mathematical operations) p < 1/2 should hold as well. Similarly, it can be shown that for
A, is positive, either when u®™ > 2/3 or when both u™ < 2/3 and p > 1/2 are satisfied. This means that
since p < pT by default, when p* < 1/2, there are no positive real-valued roots, and hence o, > a*. Let
us define A\, = Xf and \,, = A{ where z" = max{0,z}. Assume p" >2/3. Then when 1 < 1/2, A;, =\
and A, = \,. Taking the first order derivative of the belief threshold fif, in Theorem 3 with respect to A,
we see that it is positive when put — 2e/#(1 — pu*) > 0, that is, when the two roots A\; and \, exist, fis, is
first decreasing than increasing. Then, since o, > a* when p < fig,, it is true also when A <)\ fp OT > Xf,,.
Assume now that 1/2 < u* <2/3. Then, when p <1/2, g, =A,, =0, that is, o}, > a* for A> A;,. When
pn>1/2, Xpp=0and A, = A, and o, > a* for A<,
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Proof of Theorem 4 i, ii, iii, v and vi correspond to cases where either the DM’s prior belief u or
posterior belief uT induces her to spend no cognitive effort. In this case, total cognitive cost is zero in at
last one of the cases and the results follow. For case iv where the DM processes information in both of these
cases, Cy, > C* when -1 (H () =@ (N) > H (1) — o (\). Note that the left hand side is a positive increasing
function of p while the right hand side is a concave function that takes its maximum at p=0.5. At p=p,
right hand side is zero and left hand side is positive. At the other extreme when = ™, both sides are equal.
This means that for u* > 0.5, the two functions cross at a single point between (H’ u+). For p+ < 0.5, both
functions are increasing. Hence, they cross only if slope of the right hand side function at u™ is less than the
slope of the left hand side function. The slopes are equal when

H(p*) -9 (V)
ut

1—pt
=log
M+

ptept=1 — (M) =7

Hence, for put <t < 0.5, we have C*, > C* for all p < pt. When p* € (uf,z), the unique threshold ji,

satisfies R
o () =) = H (@) = (). (13)
Furthermore, left hand side of (13) is decreasing in u™ since
H(pt) _p'log el H (i) _ ' log it 4yt log it + (1= p) log (1 — ) _log(1—pt) _,
wt ()" ()" ()" '

Therefore the crossing point that satisfies (13) and hence [, is decreasing in u™. Lastly, as the concave right

hand side function in (13) takes its maximum at 0.5, the crossing point is less than that point, i.e., fi. <0.5.

Proof of Corollary 6 Assume p™ > 0.5 and g > 1— pT. Then H (u) > H (u+) since H is symmetric
around g =0.5. Then

* H H *
Crn="7 (H ()=o) < o (H (1) —p(N) <H (n) —p(N) =C".
. L H) = (uh) C1 .
Assume otherwise. Then Cy, > C* if ——*———= < (A). We show that the left hand side is increasing in

Phs
w. To see this take the first order derivative;

d H(p) — £ H (i) <log o HELM:)) (1= ) + 5 (1 G0 = 07 )

d - 2
(1) (1-3%)
Simplifying the numerator, we have
l—p Hut) H
(1_u+>log no (/i)Jr (+u)
1 1t 1 1t
= (p" —p)log(1 = p) — (0" — p) log pp— plogpp— (1 — p) log (1 — p) — H (™)

:f(17u+)log(l—u)fuﬂogu*H(ﬂJr)~

1—p

= (u" —p)log +H (u)— H (u*)

This is decreasing in p as the first order derivative is ”l:": < 0. Evaluating at p=p* (which is the largest

possible ) we obtain zero, that is, — (1 —p*)log (1 —p*) — p*logu™ — H (u*) = 0. This means the first

order derivative of the left hand side is positive. Note also that the right hand side is increasing in A
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with limy . ¢ (A) =log2 while the left hand side is constant. To see this, take the first order derivative

N

' (\)= %W > 0. Now, when g is at its maximum, g = u™, we have

>~

H(—ph)— 20 () (1= ) H ()

T - K
1 T 1 =

=H (p") <e(N).
The maximum value entropy function H can take is log2 and for p < p+, the maximum value that the left
hand side can get is less than log2. Then this means there exists a unique \ that satisfies (11).

Proof of Lemma 3 We first find the optimal probability p* of choosing a =y for the general payoff case.
By Theorem 1 in Matéjka and McKay (2015), the DM’s conditional probability of selecting a =y given w =g

. e1/A V2N - .
and w = b are respectively, P, = pel%Tﬂ; and P, = pea/ki(pp)ec/k = p+(1f’p)65/x. Her unconditional choice
probability p is then

/7
p pe
=(1- + : 14
p=( u)p+(1_p)€m VS (14)
Solving (14) yields p = —&1 — 1=t Then, similar to the baseline model, p* <0< u < p and p* > 1<
l—e X eX —1 =
> where
1_e-3% ex (1767§>
p=———7 and fi=———". (15)
ex —e A ex —e X

When p € [p,71], p* =p. Using Bayes’ rule, we have vy (gly) = pyuu/p* for the posterior belief that the state
is good given a =y. Plugging in p* and p,, we arrive at 7 (g|y). Further we have v (bly) =1 —~(gly). The
others are found similarly; v (g|n) = (1 —py) u/ (1 —p*) and v (bjn) =1—~v(g/n). Q.E.D.

Writing the decision accuracy in terms of optimal posteriors A (u) =~ (b|n) (1 —p*) + v (gly) p*, we see
that when 7 (b|n) =~ (g]y) , decision accuracy A (u) does not depend on prior belief . Otherwise, it depends
on p through p*. By Lemma 3, v (b|n) =~ (g|y) if only if

/2 —5/A
e'?—1 R / el/A ey o= (6-1)/x _q
el/X —e=8/x " el/X _ g—6/2 -

which is only possible when 6 = 1. Here note that 1 refers to u(y,g) — u(n,g), which is the gain from
making the right decision in good state. Therefore when payoff gains across states are equal (i.e., symmetric),

accuracy does not depend on prior belief p.

Proof of Proposition 2 The accuracy function A*(u) and value function V*(u) given in Corollary 2 are

convex in u. Then by Jensen’s inequality,
A, = P(Xy =) A" () + P(Xy = ) A" (1) > A* () = A*

since = P(X; = 4)ud + P(X; = —)p; . The same holds for the expected value.

Proof of Theorem 5 Here we compare p* =p* (u), o* =a* (u), f*=p*(n) and C* = C* (p) with p¥, =
e () + (1= ) 0 (1) g = 2o () + (1= 5 ) 07 () B = 28 () + (1= ) 7 ()
and C}, = H%C* (/,Lj) + (1 — H%) C* (,u;) where p* is given in Theorem 1, C* in Corollary 2 and a* and g*
are given in Corollary 3. Note also that y= ﬁpj + (1 — ﬁ) e -

i) (a), (b) and (c) follow since p* (1) = a* () = C* (1) =0 for all  <p and (c) follows since 3* is linear.
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ii)

iii)

iv)

vi)

vii)

(a), (b) and (d) follow since p* () = o (u) = C* (p) = 0 and p* (uF) = a* (uF) = C* (uf) > 0. (c) follows
by Jensen’s inequality since 5* (1) is concave in [0,7] .

(a) and (b) follow since p* () = a* (n) =0 and p* (uF) = o (uf) > 0. (d) follows since C* (p) =
C* (uF) =0. (c) follows since 8* (uF) =0 and B* (u) > 8 (13) -

(a), (b) and (c) follow since p* (1) and a* (u) are convex and 3* (u) is concave in [0,7]. (d) Let uf be
fixed. Then, Cy, = £-C* (1) is linearly increasing in p from M%C* (u¥) to C* (uT) . Note also that
C* () is strictly concave in M, pﬂ starting from 0 to C* (uj) . This means two functions cross at a
single point and C* > C* when

H(p) - £ H (1]
c;:ﬂ%c*(uj)>0*(u)<=w(k)> e ),
ut

(a), (b), (c) follow since p* (1), o* (1) and B* (p) are linear and C* (u) is concave in [p, 7] .

(a) pr, = -4 which is linearly increasing in . Similarly, p* (1) is linearly increasing in p in [p, 7] . Note
that slope of -%- is lower than p* (1) in [p, 7] since p* (u) goes from 0 to 1. Then they must cross at a
single point. Furthermore, p}, > p* when

1— VE N R |
s =B a K <:>u><el/*+1—e ) P
pt 2

pm:ﬂt>17€71/)‘_61/)\*1

(b) Let puf be fixed. o (1) =0 and o, = (11— p ) is linearly increasing in . a* (u) is also linearly
increasing in [p,71] with a larger slope (since a* (u) =0 and o* (fz) is maximum). Then they cross at a

single point. Furthermore, o, > o* when

/X 1) —1 1
R AP (e +1) =T
am——u+(1 u7)>—62“_1 Sp<——— 5 s

el/kili pt

(c) Let pt be fixed. B* () =0 and B}, = (1 - L) B* (p;) is linearly decreasing in p.3* (u) is also

uF

linearly decreasing in M, ﬁ] with a larger slope (since §* (H) is maximum and 8* () =0). Then they

cross at a single point. Furthermore, 8% > 5* when

x 1/A el
1 e ,u(e +1) 2/x_1 My
] 1—7 _—
g, ( M+>M7> 2 ] = u> ; 5

/A1 T ut

(d) follows since C* (1) >0 and C* (uj) =C* (u;) =0.
(a), (b) and (c) follow since p* (1) and o* (1) are concave and 3* (u) is convex in [p,1]. (d) Let puf be
fixed. Then, C* = (1 = ﬁ) c* (/,L;) is linearly decreasing in p from H%C* (p;) to C* (u;) . Note also
that C* (u) is strictly concave in m7 ﬁ] starting from C* (u; ) to 0. This means two functions cross at
a single point and C, > C* when

H(p)— (1= 2 ) H (1)

c,;:<1—:+> C* (15) > C* () <= z <p(N).
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viii) (a) follows since p* (1) =p* () =1 and p* (H) o (p ) =0 and for p > @, a* (1) > a* (uj) as
a* (p) is linearly decreasing in p. Then o, = (,u,y) o* (u) (¢) For pu >, 8 (,ujy*‘) = B*(u) = 0.

Since 8* (15) >0, B, > =0 (d) C*(u) =0 and C’:n since C* (uf) =C* (u;) =0.
ix) (a), (b) and (c) follow since p* (1) and a* (1) are concave and * (1) is convex in [y, 1] . (d) follows since
C* (uF) =C*(n) =0 and C* (u3) > 0.
x) (a) follows since p* (1) =p* (p;) =p* (1) =1. (b) follows since a* (1) is linear in p. (c) follows since
B (n) =B (13) = B* (1) =0. (d) follows since C* (u) = C* (u;) = C* (uf) =0.
Proof of Proposition 3 We use Theorem 5 in Appendix D. Note that o, > a* in cases ii-iv. The union of
the regions defined by ii and iii can be represented by {u < p}&{uf > p}, or equivalently (u—yu®)/(1—7) <
p < psince pt = (1—)pu+yp't. Similarly, case iv and case vi for o, > a* collectively imply the region {y; <
pr&{py > pr&e{p € [p, il &{p < pj,}, or equivalently, max{p, (u—yp)/(1—7)} <p <min{p/(1—7), 17, }
These two regions imply then that o, > o* if (u—yp™)/(1—7) <p <@}, where i}, =min{p/(1—7), 7, }
where p7, is given in Theorem 5. The same procedure applies for the false negatives.

Proof of Proposition 4 The conditions in cases ii and iv in Theorem 5 for C* > C* collectively imply
(p—ypu*)/(1=7) <p<min{(F—yp™)/(1=7), 1/ (1 =), pc}. We define fig” = min{(m—yp*)/(1—7), p/(1-
%), L }. Similarly, cases vii and ix for C, > C* imply max{ (@7 —yu™)/(1 =), pu/(1 =7), ul} <p <pm/(1—7).
We define @™ = max{(@ —yu*)/(1 =), /(1 =), u }-

Proof of Proposition 5 The consumer problem 1 investigated in Caplin et al. (2019) can be used for our
setup as well by taking M =3, ug =1, ug =0, p(wy) = pux and § =e/* — 1. Then we apply Theorem 1 in
Caplin et al. (2019) to arrive at our characterization.

Proof of Proposition 6 We first show that the accuracy function in (17) in Appendix E can be written

e/ Mprtps) /X

as A* (tp, fg) = max{ul, Vb ’el/k+2} in the domain g, + p, € [0,1]. Assume pz =1 — p1q — po <

. . . A
ﬁ and f1q > pge'/?. This is equivalent to pq > max{,ugel/k, ei;»i; - } Assume py > 1M+2 Then
A .
p1 > poet/* > % — pp and since pgel/* > ef/lkﬁ, we have p; > 1/<+2 Assume now that Assume po <
1 . el/X e/ 1/
si5gs- Then pin > £ 1/;+2 — g > pget/?. Since el/%i2_“2 st 1/A+2 — M2 > 755 we also have i, >
/x o . VA
ef/lﬁ. Note also that py > pze®/* implies p; (€/* +1) > €'/ (u1 + p2), or equivalently iy > %ﬂ:‘m
.. . J1/A
Assume now that pg > ﬁ This implies that 1 — pq — o > el/i+2 =y s < 1”1; = s >

1/ L. . ..

%j{tz). When the conditions are reversed, the inequalities are also reversed. This proves that A* (up, pty) =
/A (g s 1/2 . . . /N (4 Q1/A

max{ul, < el(/H%lHM)’ ele/’\+2} in the domain g, + p, € [0,1]. Then since pq, % and 5o are all

convex functions, then A* (u,p,) is also convex since maximum function is preserved under convexity. As
the accuracy function is convex, by Jensen’s inequality the machine always increases the DM’s expected
decision accuracy as (py, pig) = P (X1 =+) (0,p)) + P(X1=—) (11, ,0) and A}, = P(X1=+) A" (0,n]) +
P(X;=-)A" (1 ,0) > A* (1, 1t,,) - A similar approach is also valid for the value function V*.

Proof of Proposition 7 Assume p, = p1, = 1. We first use Proposition 5 to find the choice probabilities

for the fully symmetric case. First assume that p < Then since u < 1/3, 1 =1 —2p and pg = pz = p.

1/>\+2
Also, since 1 —2u > pel/*| by Proposition 5, pf = p* =1 and p, =p;, =0. Now assume that m <p< 5.

RYZNTPAN
Then, we have p; = p}, = % Now assume g > 1/3. Then p; = ps = p and pz =1 — 2u. Note also
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that ps =1—2u > 1/A+2 implies p < 1 61;*i§ By Proposition 5, this means for £ <pu <1 1;ii;, we have
1/ 2 1/)\ 2

Py =p; = % Finally, if p > 561;@;, we have p} = p}, = % due to symmetry. Then note

that p? (u, 1) the probability of choosing y can be written as a function of y as

0 it p< 1M+2
« n el/>‘+2 -1 el/X
P ()= M 11 (16)
1 1e/ M1
2 if ,Lt = 2¢el/A42

The DM makes a false positive probability when she chooses y when the state is either bad or moderate.
In optimality, false positive error probability is a* (u, ) = pj (u, i) (l—p;‘y) where p}, is the posterior

probability that the state is good given that the DM chooses y. From the optimal posteriors in Appendix

1e/2 41

if all actions are chosen with positive probability (i.e., when 5 S/ +2)

1/
E, VVe1’13,Ve]f)z;‘y:fyf+2 1/>\+2<,LL<

el/A 41
1/)\+2

Dyly = 2{‘““ if only two options (y and n) are selected (i.e., when p > 1

). Finally p;, = u if only one
action is selected (i.e., only o is selected which happens when p < m) Then the false positive rate as a

function of y becomes

0 if p<

) 1/>\+2
/Ax42)-1
. u(e —+ . 1 el/>‘+1
« (,leu') = 2(el/>\71)( 1/A+2) if 1/*+2 <p< 2el/342 -
1 el/A 1el/M 41
,u’ 1/>\+1 lf/u’_ 281/>‘+2

When the machine provides z; =+ (resp. #; = —), then the DM has only two options good (resp. bad) and
moderate with pf =2u and puf =1 —2u (resp. p, =2p and p,, =1 —2u). This means the DM can only
make false positive errors when x; =+ which happens with probability 1/2. To find the false positive error
rate in this case, we use the characterization in Corollary 3. Note that both error characterizations have two

belief thresholds. Then we have the following different cases:

o If < 5 1/*+1’ then 2u < 1/;+1 and af =a* =0.

o If L 1/*+1 <pu< 1/A+2, then 2 > ﬁ and hence o, > a* = 0. Note also that m > %ﬁ for
each A > 0.

o If m <p<i f/lAH (or if % 1/%+1 <p< 1/A+2 depending on which one is bigger) then o >

2u(el/*41)-1 el/2 42
a* when 3 “(62/;1) > 2(61/(Ll)z;1)“+2) which (after some mathematical manipulation) reduces to u <
éel/AJrl .. . . . .

mﬂowever, this is only valid when A < 1/In2 since otherwise the threshold is greater than
1 el//\
2el/A 11

M(el/x+2)—1

. The threshold is only valid when A >1 / In2, since otherwise it is less than 2

J1/2 o1/2 .
o If 1-¢ gy < KB < %el/’\i;’ then, o, > o* if $(1—2p) > 2

B (s
() )
1

o If > lel/ﬁ,thena <a* since 5 (1—2p) <

which reduces to u <

1/
2el/ 331

L 1/*+1 for each A > 0.

3el/rq L/ A1) (/M +2)+2 .
Taken together, af, > a* only if 1 1/§+1 <p< mm{ (el/k+1)(el/x+2)’ 2((el/>\+2))((el/>\+l)) } = p},- Note

that the first component is increasing in A while the second one is decreasing and it can be verified that they

intersect at A =1.4427 which gives a value of 1/3. This means the threshold cannot be greater than 1/3 due

to the minimum function.
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Proof of Proposition 8 Using the characterization for the general case in Appendix E, the cognitive

effort function for the symmetric case can be written as

0 if u < 1/A+2
* el/k
C* (o) = { MN[H (1, 1) — 0@ (V)] m+2<ul<§ﬁ
2)\M [IDQ_SD(A)] :UZ éZI//\i;

where 0 (A) and ¢ (A)® are given in (19) and (20) in Appendix E. Finally, H (p,p) = —2uln () —
(1 -2u)In(1 —2u). We now compare the DM’s cognitive effort with and without the machine. Note that
when the machine gives any information x; =+ or #; = — (which happens with probability 1/2 in the fully
symmetric case), the DM has moderate state and good or bad state to consider respectively, which is our
base model. Since the DM’s posterior beliefs are equal at 2 for either case and since the effort function in
our base case is symmetric, the DM’s expected cognitive effort in the fully symmetric case is C} = C* (2u)
in our base case (see Corollary 2). Then we can use an approach similar to the Proof of Proposition 7 . We
have the following cases:

o If p< i then C} = C* =0 since the DM does not process information with or without the

2 1/)\+17
machine.
o If 1 1M+1 <pu< ﬁ, then C* > C* =0 since the DM does not process information without the

machine, but the machine induces her to process information.
o If <,u<2 16/1A+17thenC*>C*'
H (241,0) = (N) > H (1) — 0 (A)
—2pIn (2p) — (1= 2p) In (1= 2p) = (A) > —2pIn (1) — (1 = 2) In (1 = 2p) — @ ()
e N —e()

2In2
Depending on the level of A, this threshold may be greater than the end point 2

1/>\+2

pw<
5 16/1>\+1 In that case, C, > C*
in the whole region.

o If 1o < n<s3 e /241 then 0 = Cr < C* since the DM without the machine does not process

2 1/)\+1 2 1/)\+27
. 1/>\
information as 2y > A
o If p>1 elﬁkié, then 0 = C}, < C* as well. All together, C;, > C* if and only if 1/*+1 < p < p: where
e
sy = mm{%81 /1111, (2212“"(” } Finally, note that the second component in p} is increasing and in the

limit equal to In(3/2)/1n(4) < 1/3.
Appendix B: General Payoff Structure

Our base model assumes that the DM’s payoff corresponds to the overall accuracy of her decisions. Our
framework can also account for a general payoff structure of the form w(a,w), for (a,w) € {y,n} x {g,b}.
More specifically, as we show below, we can normalize any payoff structure u(a,w) such that u(y,g) =1
and u (n,g) =0 without loss of generality. To avoid any trivial solution, we assume that u(n,b) > u(y,b)
(otherwise, the payoff of « =y dominates the payoff of a =n in all states of the world and the DM directly
chooses the former without processing information). In this setup, difference § = u(n,b) — u(y,b) denotes
the net value of correctly identifying the bad state. (The net value of correctly identifying the good state
is always equal to one.) Thus, the DM prefers to correctly identify the bad state over the good state if and
only if § > 1. In our base model, § =1 with u(n,b) =1 and u(y,b) =0, so that the DM is indifferent between
identifying the good and the bad states.
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B.1. Normalizing the Payoffs

One can transform any general payoff matrix @(a,w) with a € {y,n} and w € {g,b} by first subtracting @ (n, g)
from each payoff, and then scaling each by 1/ (@ (y,g) — @ (n,g)). Then, the new payoff structure becomes

) T =0 ulya)— L9 —T(ng)
u(n,g) =u(n,g) (n,9)=0 (¥.9) u(y,g9)—u(n,g) !

700 Rl ) B P L) R )
0= g —an.g) =g i)

Information cost parameter A, should then be scaled by 1/ (u(y,g) —u(n,g)), to arrive at an identical
behavioral structure. That is, the new information cost should be X = m. The reason is that
subtracting @ (n,g) from each payoff does not change the DM’s problem since the payoff differences (i.e.,
incentives) stay the same. Therefore, there is no need to change A. However scaling each payoff by a constant
also scales the differences between them which creates a different incentive structure. To avoid this, one

needs to scale the information cost also by the same constant.

B.2. Impact of the Machine for General Payoffs

Figure 9 depicts the impact of the machine on the DM’s decision (analogous to Figure 3) for § < 1 and
0 > 1. The figures demonstrate that the structure of our result continues to hold for more general payoffs. In
addition, the figure reveals that the set of values of beliefs p and p+ for which p*, > p* widens as § increases.
Indeed, increasing § decreases the likelihood that the DM will choose a =y as this option becomes a less
attractive alternative. Accordingly, the threshold level &z on the DM’s prior belief that warrants immediate
ex-ante a = y decision increases. That is, the DM needs to be more confident about the good state to choose
a =y without the need to spend further cognitive effort. According to Theorem 2, we already know that the

machine induces the DM to choose a =y when her posterior is less than 7.
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Figure 9 Impact of incentive structures on DM'’s decision (A =1)

When DM’s incentives change, the machine’s impact on the extent of errors that the DM makes and

the expected cognitive effort do not structurally change. In particular, as in our baseline model, when the
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machine assists the DM with some accurate information, the DM’s false negative error always decreases as it
completely eliminates the possibility of bad state in some cases. Similarly, the machine can increase the DM’s
propensity to make false positive errors in some cases. In particular, there still exists a unique threshold /i,
on the DM’s prior belief that determines whether the DM makes more or fewer false positive errors with the
machine. Furthermore, the larger the net value of correctly identifying bad state d, the larger the parameter
space where the DM makes more false positive errors with the machine. This is because the region where
the DM is inclined to choose a =y more with the machine is larger (see Figure 9). The effect of 6 on DM’s

propensity to make false a positive error is illustrated in Figure 10.
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g a2 4 g ¢
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17 / :
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/ 7
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s
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— —fifp
0 L - 0 i . i
p i 1 0 1 0.5 i
Prior belief p Prior belief p

Figure 10 Impact of incentive structures on DM'’s false positive error rate (A =1)

Changing incentives also has a significant effect on the amount of cognitive cost that the DM incurs. In
particular, the more at stake, the more cognitive effort the DM tolerates expending. As in our baseline case,
the machine can only increase the DM’s ex-ante effort when both her prior and posterior with the machine-
supplied information induce the DM to exert cognitive effort (i.e., p,u < pT,12). Therefore, as § increases,
the parameter region where the DM induces the DM to exert more cognitive effort increases as the difference

7t — i becomes larger. This is illustrated in Figure 11.
Appendix C: Invariance of Accuracy to Prior Belief
We show this property by writing the DM’s decision accuracy in terms of the optimal posteriors the DM

constructs. The following lemma gives the characterization of these posteriors in the general payoff case.

LEMMA 3. DMs optimal posterior beliefs when p € (H’ﬁ) are

1—e9/>
v (gln) = SUX _o—o/n
1—e 9/

— 1/
7 (gly) = PRy Sy

with y(bly) =1 —7(gly) and v(b|n) =1—(g|n).
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Figure 11 Impact of incentive structures on DM'’s cogpnitive effort (A =1)

Appendix D: Incorporating Trust

In this section we extend our baseline model to account for possible biases that the DM may hold against
(or toward) the machine. The mistrust in machine implies that the DM may not fully believe that the state
is bad when the machine’s signal is negative. Hence, the machine is not seen as perfectly accurate. Indeed,
as we explain at the end of section, our proposed framework also captures the case of an imprecise machine
that may generate false positive or negative errors.

We follow the behavioral operations literature (e.g., Ozer et al. 2011) in modeling DM’s trust and bias
towards the machine. Specifically, we assume that given machine input z; € {+,—}, the DM updates her
belief according to uf = (1 —v) p+~yp™ and p = (1 — ) p, where higher values of trust parameter v € [0,1]
indicates more trust in the machine. In other words, the DM mixes her prior belief u with the posterior
belief she would have were she to fully trust the machine. Note that v =1 retrieves our base model, while the
DM fully ignores the machine and always decides alone when v=0. For 0 <~ < 1, the DM’s level of trust
weakens the effect of the machine input on the DM’s belief, i.e. p~ =0 < p; < p < pd <p*. In particular,
the negative signal of the machine does not fully reveal the bad state, that is u7 > 0 in this case. Nonetheless,

we show next that the machine always improves the DM’s expected accuracy and value for any trust level.
PROPOSITION 2. For any given A >0 and v € [0,1], we have A, > A* and V. > V*.

To investigate the impact of the machine on the DM’s behavior in this generalized setup, we follow the
approach of Section 5 and first extend Theorem 1. This allows generalizing Theorems 2, 3, and 4 for any
trust parameter « € [0,1]. Note that in addition to prior belief i and posterior beliefs ,uj, our results also
depend on p >0 when v € (0,1). Because of this, the number of parameter regions that describe the effect
of the machine increases from six when p~ =0, as in the base case, to ten when p > 0. Theorem 5 provides
a full characterization of the impact of the machine on the DM’s choice probability, false positive/negative

error rates and cognitive effort. Note that we assume pJ <p <pf.

THEOREM 5. Given information cost A>0 and p < p*, we have
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i) If pt <p, then, (a) p;, =p*=0. (b) a}, =a*=0. (c) B, =p*>0. (d) C;, =C*=0.

i) If p<p and pt € (p, 1) , then, (a) pi, >p*=0. (b) o, >a* =0. (c) B, < B*. (d) C;, > C*=0.
i) If p <p and pt >, then (a) pj, >p*=0. (b) aj, >a*=0. (c) B;, <B*. (d) C;, =C*=0.

w) If p; <p and p,pt € (1,71] , then (a) ps, >p*. (b) o, >a*. (c) Br, < B*.

(d) threshold il exists such that C%, > C* if u<pl and C:, < C* otherwise. Furthermore, threshold i

uniquely solves (for 1)
H () — 2 H (i)

o

— )

) If i it € [p 1] then, (a) p, =p*. (b) oy, =a*. (¢) B, =B*. (d) C;, <C*
vi) If p3 <p and p € [p, 7| and pt >, then,
(a) threshold fi. exists such that p}, > p* if p < i, and pk, <p* otherwise. Furthermore, threshold [i. is
/A _ -1
ﬂc:(el/A‘i_l_e 1) Z%

‘LL+
(b) threshold [i}, exists such that o, > o* if p < ji;, and o, < o* otherwise. Furthermore, the threshold

given as

i}, uniquely solves (for ju) 1
/1,(6 />\—|—1)—1 :L( _/Jﬂ_)
e2/x _ 1 e ~y
(c) threshold i}, ewists such that B}, < B* if u <y, and 3}, > B* otherwise. Furthermore, the threshold
i}, uniquely solves (for )

M —p (e +1) AP
e2/x —1 ,U/+ /‘L'y

) 0=Cr <O
vii) If py,p € (o) and pt >, then, (a) pj, <p*. (b) a3, <a*. (c¢) B, > B*.

(d) threshold il exists such that C, < C* if p <l and C%, > C* otherwise. Furthermore, threshold "
uniquely solves (for u)

G o L

viii) If p <pand pt p > T, then, (a) pl, <p*=1. (b) o, <a*. (c) B3, > pB*. (d) C;, =C*=0.

i) If p3 € [p. i) and pt,pu>7, then, (a) p;, <p*=1. (b) a;, <a*. (c) B, >pB*=0. (d) C;, >C* =0
x) If p; >, then (a) p, =p*=1. (b) a;, =a*. (¢) B, =B*=0. (d) C;,=C*=0.
The following results highlight how trust interacts with the effect of the machine on the DM’s decision

making process.

PROPOSITION 3. For any given A >0, v € (0,1] and p* > p, thresholds i}, and i}, exist such that

i) af, > a* if and onl 'fﬁ7w+ <p <7
m Y 1—~ H IU/fp;

i) By, > B~ if and only if i}, <p< &
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Proposition 3 shows that the machine may continue to increase the DM’s propensity of making false
positive errors in the presence of mistrust. As in our base model, this happens when the DM does not strongly
favor the good state a priori (i.e., u < i},). In this sense, the result in Theorem 3 is robust to the inclusion of
trust. In contrast to our base model, however, the machine may also increase the DM’s propensity to make

false negative errors. This is due to the DM’s mistrust in the machine’s negative signal, which yields p > 0.

This happens when the DM strongly favors the good state a priori (i.e., u> i}, ).
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Figure 12

Impact of the machine on the DM’s decision errors for different trust levels

Figure 12 illustrates the parameter regions where the machine increases the DM’s errors for three different
trust levels. Since the machine always increases DM’s decision accuracy as per Proposition 2, the machine
never increases both false positive and negative rates at the same time.

The DM’s bias toward the machine also interacts with the effect the machine has on the DM’s cognitive
effort, as we show next.

PROPOSITION 4. For any given A >0, v € (0,1] and p* > u, thresholds pL” and pH" ewist such that

ot R R _
Cx, > C* if and only ifﬁlji << or BT <p < gt

Proposition 4 shows that the machine may increase the DM’s cognitive effort in this setup as well. This
can happen when the DM sufficiently favors either the bad state (i.e., u < L), or the good state (i.e.,
w> 7). The former case is consistent with Theorem 4 in the base model, and a similar rationale holds.
The second case, however, does not occur in our base model. This is because the DM’s posterior belief upon
a negative machine signal is positive if v > 0. This may then correspond to an increase in task difficulty and
thus induces the DM to process more information.

Figure 13 illustrates the parameter regions in which the machine increases the DM’s cognitive effort for
different values of . The figure depicts two such regions, one for each of the two intervals in p defined
by Proposition 4. Note that when trust level « is sufficiently high, the region corresponding to the second
interval disappears since posterior p approaches to zero, which corresponds to our base model.

A key point in the above analysis is that the DM’s optimal choice probabilities, decision errors and
cognitive efforts only depend on prior belief y (without the machine) and posterior beliefs it and p (with

the machine) in addition to A. In our original setup p =0, but Theorem 5 extends these results to a setup
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Figure 13 Impact of machine on DM'’s cognitive effort for different trust levels

where 1, uj and p are all free parameters, with 7 > 0. Importantly, this characterization is context free,

i.e., once these probabilities are specified, the previous approach holds. (Theorem 5 also provides thresholds
I}y I}, At” and i of Propositions 3 and 4 in closed form.).

D.1. Incorporating Machine Imprecision

Assume that the input the machine provides is not always accurate. In particular, assume that the machine
gives signal Y € {4+, —} with false positive error probability 7, = P (Y = +|w =0) and false negative error

probability 72 = P (Y = —|w=g¢). Upon receiving a positive signal from the machine, the DM updates her
prior as

L—y2)p
Ha ( | ) (I=y2)p+m(1-p)
py=Plw=g|Y="-) s

- Yop+ (1 —=71) (1 —p)’
Assuming 1 +72 <1 ensures that p; <pu < ,uj and Theorem 5 can directly be used to assess the impact
of the machine on the DM’s choice behavior. If v; 4+ 72 > 1, then uj <p<p; and it just enough to relabel
uj and p and apply Theorem 5. Note that it is possible to combine mistrust and imprecision to model
situations where the DM is biased and the machine is inaccurate.

Appendix E: A Symmetric Setting with an Additional State

In our base model, the machine reduces the DM’s uncertainty in an asymmetric way as it fully resolves the
bad state for the DM when the first information source X; is negative. In order to account for a symmetric
reduction setting, we introduce a third state, which we call moderate (denoted by w =m) and a corresponding
accurate decision, which is declaring the test as inconclusive (denoted by a = o0). We assume that the true
state is good (resp. bad) if and only if both X; and X, are positive (resp. negative). Otherwise (i.e., if
(X1,X2) € {(+,—),(—,+)}), the state is assumed to be moderate. In this setup, the machine never fully
resolves the DM’s uncertainty. That is, although a negative signal rules out the good state, the DM may still
need to process information to distinguish the bad from the moderate state.
It is well-known (see Caplin et al. 2019) that with more than two states, the DM may naturally rule out
some of the states a priori before eliciting any signal (i.e., forms considerations sets). To accommodate for

this extension, we slightly change our notation and let p? (i, pt,) denote the unconditional probability that
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the DM chooses a € {n,y, o0} as a function her prior belief 1, = w(—, —) that the state is bad and p, = 7 (+,+)
that the state is good. The DM’s prior belief for the moderate state is then p,,, =1 — py, — pg.

We characterize next the DM’s choice probabilities as a function of her prior belief for a given information
cost A. To that end, we order the priors such that pq =max(py, tg, fo), pi3 = min(fe, fg, fto) and po denotes
the remaining prior with p; > ps > ps3. Action a,,7 € {1,2,3} indicates then the action corresponding to the
state associated with prior p,;. For instance, if py = p,, o = i, and ps = p,,, then a4 =y, as =n and az =o.

We also have p,,, =1 — p, — py, and thus present our result in the parameter space i, X 1.

PROPOSITION 5. Let pz =min{f,, fiy, 1 — iy — oo}, 1 = max {pg, po, 1 — iy — fg }5 and pro =1 — pq — ps.

Let aq, as and as denote the corresponding correct actions. We have

(el/Ago)_
o If us > ﬁ, then p}, (p, f1g) = % forie{1,2,3}.
it (e +1) -1 . .
o If s < & < pae'?, then (. p1g) = % forie{1,2} & pi, (s, ptg) =0.

o If s < g &epn > paet?, then py, (b, p1g) = 1, 1}, (t1os 19) = Py (o, 11g) =0

The first point of Proposition 5 states that if the lowest prior belief p3 is higher than a certain threshold,
then the DM chooses among all three actions at optimality. Else, the DM chooses between two actions if p
and py take sufficiently close values (second point of the proposition). Otherwise, the DM only chooses one
state (third point). In this sense, Proposition 5 characterizes the possible consideration sets of alternatives
from which the DM chooses, as a function of priors p, and p.

Figure 14 illustrates these sets for two different information cost values. For instance, when both x, and
1y are sufficiently low, the DM chooses a = o without eliciting any signal. The regions labeled as “Only a”
correspond to situations where the DM directly chooses action a and disregards the two others a priori. In
these cases, the DM does not process any information. Similarly, the DM rules out the moderate state a
priori and chooses a =y and a =n with positive probability (i.e., forms a consideration set consisting only
the good and bad states) if her belief toward the moderate state is sufficiently weak (see the region labeled as
“Both y&n”). Only in the region labeled as “All” does the DM consider all possible states at the same time.
As indicated in Figure 14, this region shrinks when X increases as the DM becomes less willing to process
information for weaker prior beliefs.

Using Proposition 5 and following an approach similar to our base model, we can characterize the DM’s
decision accuracy, error probabilities and cognitive effort. These are detailed at the end of this section (see
Appendix §E.1). In the following, we focus on how the presence of the machine impacts these metrics.

Upon a positive machine input, the DM rules out the bad state and updates her prior as y; =0 and
ph = ﬁ. Similarly, upon a negative machine input, the DM rules out the good state with posterior

beliefs p, = ﬁ and p; = 0. That is, the DM has always two states to consider in the presence of
the machine: the moderate state and either the good or the bad state depending on the machine’s input.
Nonetheless, the machine always improves the DM’s decision accuracy and expected value as we show in the

next proposition.

PROPOSITION 6. For any A >0, we have A%, > A* and V) > V™.
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Figure 14  Consideration set formation in p;, x py space

Although the machine always increases overall accuracy, the machine may increase certain error types
and induce the DM to exert more cognitive effort as in our base model. To explore this, we can follow
our previous approach, and compare these different metrics with and without machine prediction using our
characterizations in Appendix E.1. In particular, this consists in studying different scenarios, which depend
on the different prior and posterior beliefs. However, the number of possible scenarios to consider grows
exponentially with the number of possible states (from six possible cases in the base model with two states
to 63 with three states.)® Although technically doable, exploring all these situations is tedious and of limited
research interest. Instead, we focus on the situation in which the machine reduces uncertainty in a symmetric
manner, i.e. where the DM’s prior and posterior beliefs are symmetric. Specifically, we take p, = pp = £ < 0.5
and 7(+, —) =7(—,+) =1/2 — p, so that the DM’s posterior beliefs become p} = 11,” = 2y and the likelihood
of a machine outcome is given by P(X; =+) = P(X; = —) =0.5. We next characterize the impact of the

machine on the DM’s decision errors and cognitive effort in this set-up.

PROPOSITION 7. For any given A >0, o, > a* if %51/714-1 <p < p}, and oy, < a* otherwise. Furthermore,

Wi, <1/3, ay, =B, and o* = p*

Note that the false positive and negative errors are always equal, whether the machine is present or not
(ar, = 687, and a* = 8*). This is because the DM’s prior and posterior beliefs are symmetric in this set-up. In
essence, Proposition 7 states that the machine increases the DM’s false positive (and negative) errors if she
sufficiently favors the moderate state (p,, > 1 —2u}, > 1/3) a priori. This increase in the decision errors is
actually offset by a decrease in false moderate errors, so that the machine always improves overall accuracy
per Proposition 6.

° The inclusion of a new state gives rise to 7 different cases as depicted in Figure 14 when the human DM is alone
(as opposed to 3 in our base model which are “Only y”, “Only n” and “Both y&n”). In the presence of the machine,
we have 9 cases -3 cases for each of the two possible posterior beliefs given the machine’s prediction on X1 (this is
since the machine always eliminates one of the states for the DM). This requires studying up to 7x9=63 cases for a
full-fledged analysis of the problem. By contrast, there are 3x3=9 cases in our base model - as there are only 3 cases

to consider with the machine since u~ = 0. Some of these cases can further be ruled out since u* > i, which yields 6
possible cases for our base model as illustrated in Theorems 2, 3 and 4.
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PROPOSITION 8. For any given A >0, C* > C* if + —3A— < u < p’ and C*, < C* otherwise. Furthermore,

2 el/A41
wE<1/3.

Proposition 8 shows that the machine increases the cognitive effort the DM exerts when she sufficiently
favors the moderate state. In this case, the task difficulty increases with any machine input. To see this,
recall that the DM without the machine tries to distinguish three states with initial belief p, = p, = p and
tm =1 —2u. When the machine gives a positive (resp. negative) signal, the DM deals with two states with
posterior p, = 2u (resp. pp, = 2u) and p,, =1 —2u. When g is sufficiently small, distinguishing the remaining
two states becomes more difficult for the DM.

Overall, Proposition 7 and Proposition 8 establish that our main results for the base model are robust to

decision settings where the machine reduces uncertainty in a symmetric manner.

E.1. Accuracy and Cognitive Effort in the Presence of Three States

Accuracy and Decision Errors We denote by p;, (e, ptg) the posterior probability that the DM chooses
action a given state w. Accuracy is defined as the sum of joint probability of choosing a =y in the good
state, choosing a = n in the bad state and choosing a = o0 in the moderate state. These joint probabilities can
be written in terms of the DM’s optimal choice probabilities and corresponding posteriors. From Theorem 1

in Caplin et al. (2019), the DM’s optimal posteriors are

pL.m,—{ef/l;Mw fori=j oo 1
o s otherwise el/x+2
%ﬁm fori=j and j <2 .
Plgios = % for i jand j<2 if p3< el/x 12 and p11 < poe'/?
i j=3

1 1
— 3 /A
pwj|ai = M if 3 < el/x +2 and p1 > poe

Plugging in these and after some algebra, we obtain the accuracy function as

A* (s pog) = D10y (His fg) + DD (s Hg) + PrajoPy (Hios Hg)

T if p3 < gy and g > ppet/
1/ + .
= e lutpa) el(/’i/lﬂ“"’) if s < 7el/i+2 and gy < prgel/? (17)
e/ . 1
RvEwE; if ps > 55

The resulting characterization has many similarities with our base model with two actions and two states.
Note that when only one option is selected, then DM’s accuracy is just her prior for that state which, in
fact, will be the one with the strongest prior belief. When all options are selected, expected accuracy does
not depend on prior belief. Similar to our base model, this is related to the symmetry of DM’s payoffs so
that her posterior beliefs are also symmetric. On the other hand, when the DM selects only two options in
optimality, expected accuracy is just the scaled-down version of the accuracy in our base model with the
likelihood of both selected states (i.e., (j1 + p2)). Note that e'/*/ (el/A + 1) is the expected accuracy in our
base model when both options are selected. Due to this scaling, expected accuracy in this case depends on

the DM’s prior belief.
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In a similar manner, the error probabilities (respectively false positive, false negative and false moderate)

can be computed by plugging in choice probabilities and optimal posteriors as follows:

o (pay, pig) = P (ks t1g) (1 =151,
B* (b trg) = Dy (t1s 11g) (1= 51)

Y (b f1g) = D% (10, g) (1= 25,
Cognitive Effort When there are three states, the entropy as a function of p, and g is
H (py, p1g) = — g l0g prg — pip 10g iy, — (1 — prg — 1) log(1 — 1y — pis).-
The DM’s cognitive effort is then defined as
C* (ks ) = A [H (ks 119) = 0y (1 19) H (051, 951) = 05 (s 19) H (015 51) = 05 (ks 129) H (051, 951,)]

which reduces (after some algebra) to

0 ifu3<ﬁand 1 > pget/*
C* (b pg) = § MH (105 p1g) — (1 + p2) ¢ (N) = H (g1 + p12,0)] if pi3 < o3 and pn < poe™>  (18)
A [H (/’[’ga,ub) - ‘P(Q) (/\)] if pg > ﬁ

where
Neln (e 41)— 22 19
p(N)=In(e/*+ )—va (19)

and
1 6% 1

@ ()= 1 (* 2). 20
' (A) Nl g (et (20)

When the DM’s prior is sufficiently strong toward a particular state, she does not process information and
chooses the corresponding action. Then her cognitive effort is 0. When the DM chooses to process information
about all states then her expected cognitive effort is in a very similar structure as our base model with two
states. In particular, it is directly proportional to the difference between DM’s prior entropy and expected
posterior entropy given by ¢® (\). Note that it is independent of DM’s prior belief and increasing in
information cost A. Lastly, when DM chooses to select two options and disregards one, then her expected

posterior entropy depends on her prior belief.
Appendix F: The Impact of Restricting Information Sources for the DM

An information acquisition model for human decision maker which predicts that a free and perfectly accurate
information (X; in our model) deteriorates her overall accuracy is not credible, at least in our view. This
is, however, what a classical sequential hypothesis testing model as in DeGroot (1962) would predict in our
context. In this section we illustrate this point. The key difference that the sequential testing introduces is
that it limits the choice of signals (i.e. tests) that the DM can elicit.

Assume that at each period the DM may decide to conduct an imperfect test which provides a positive
or negative signal about the true state. Each test costs K to the DM. There are infinite number of tests,
but we assume that the DM decides optimally when to stop the search and commit to a decision. This

corresponds to a standard optimal-stopping problem. To formulate this, we denote the machine signal at
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period k as Z, € (+, —). We assume that the accuracy of the test is exogenous and known to the DM a priori.
Assume that the test gives a signal with a true positive rate ¢ = P(Z, = +|w = g) and false positive rate
¥ = P(Z, =+|w=10). We denote the DM’s prior belief that the state is good at period k as u, = P(w=yg).
If the DM decides to conduct the test, she updates her prior belief as following the Bayes’ rule:

QR 3 —

JT— aukl-i-ﬂ(lfuk) if Zp =+ )

+ (A—o)pg if 7, =—
(I—a)prp+(1-8)(1—p)

As in our base model, the DM aims to maximize her accuracy net of her total search cost. This is an

optimal-stopping problem. We can write the corresponding DP formulation as

Vi () = max {Ez, [Vig1 (1)) — K, max {p, 1 — pu }}
Vr (pr) =max{pr,1 - pr}

where T' is the terminal period. Here Ej, [Vie1 (pre1)] — X is the DM’s expected utility if she chooses to
continue sampling where P (Z;, = 1) = apy, + 8 (1 — g ). If she decides to choose an action and stop observing
the signal, she obtains max {us, 1 — .} by deciding based on her prior p.

Let us denote DM’s optimal information acquisition decision at period k as uj, which can be written as

o J 1A max{pp, 1= pi} < Bz [Vigr (peg1)] — K.
uy = :
0 otherwise

where 1 is continue sampling and 0 is stop sampling. Accordingly, we can write the DM’s decision accuracy
function as

_ a _ (1-a) ek
A () =4 P Ze=1D A (WM)*P(Z’FO)A’M((1—a)uk+<1—%<1—uk>> i =1
max { g, 1 — i} ifuy =0

Ar (i) = max {pir, 1 — pr}.

As in our base model, we assume that the machine can reveal X; at no cost. Depending on the DM’s
updated prior upon the machine information, she can conduct further tests as explained above. We compare
the DM’s overall accuracy in these two cases (with and without the machine).

As a numerical example take ¢ =0.3, ¥ =0.7 and K =0.1. Numerically solving the corresponding optimal
stopping problem yields the accuracy function depicted in Figure 15a for the DM. In this case, she chooses
not to conduct any test if her prior for the good state p is less than 0.4 or higher than 0.6. When her prior
belief is sufficiently close to 0.5 (u € [0.4,0.6]), she chooses to conduct a single test and decides accordingly
which yields an accuracy level of 0.7. Note that the DM’s accuracy is neither convex nor continuous in prior
belief unlike our model that is based on the rational inattention framework (please see Figure 2a).

To see how the machine decreases the DM’s accuracy in this scenario, take, for instance, u = 0.5. This
yields an accuracy level of A =0.7 per Figure 15a. Assume further that the DM’s posterior belief is u+ = 0.6
when the machine provides a positive signal. This yields an ex-post accuracy of 0.6. Since the probability of a
positive signal by the machine is P(X; =4)=0.5/0.6 =5/6, the DM’s expected accuracy with the machine
is A,,=5/6%0.64+1/6+1=0.667 which is less than 0.7, the DM’s accuracy without the machine.

Figure 15b plots DM’s accuracy function for a slightly lower test cost K = 0.08. In this case, the DM chooses

to conduct more than one test when she is sufficiently uncertain as information cost is lower. Similarly, we
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can also find parameters in this scenario where machine can strictly decrease the DM’s overall expected

accuracy.

These simple counter-examples show that if the DM is able to elicit costly information from a restrictive

set of signal sources, it is possible that a free and accurate machine information may actually reduce her

overall accuracy.
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