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Abstract

Demand forecasting is central to operations management, and firms look to Artificial Intelli-
gence (AI) enabled forecasting engines (“prediction machines”) to augment their managers’ own
forecasting capabilities and thus improve sales-and-operations planning outcomes. Deployment
of a prediction machine may cause an unintended reduction in a manager’s own forecasting
effort which in turn diminishes the value of machine adoption. We model a firm facing un-
certain demand that delegates a procurement quantity decision to a human manager who can
exert effort to generate a demand prediction. The firm deploys a machine that provides the
manager with a demand-prediction signal. Adopting a Bayesian persuasion approach, we show
that partially disclosing the machine’s prediction — either downplaying high predictions or ex-
aggerating low predictions — can be optimal, depending on the product’s cost-to-revenue ratio.
Unless the machine is significantly more accurate than the human, it can be optimal to disclose
less information as the machine’s prediction capability increases; however, the resulting market-
state informativeness does not decline as the machine capability increases. As an alternative to
information design, we explore a contracting approach that optimizes the manager’s compensa-
tion parameters while fully disclosing machine information. We establish that an information

approach outperforms a contracting approach unless managerial effort cost is low.
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1 Introduction

Demand forecasting is fundamental to business operations, and firms are increasingly looking at Al

to improve their demand predictions. In some cases, Al is used to replace the human in forecasting



but oftentimes it is used to augment the human (Revilla et al., 2023). The successful deployment of
an Al forecasting engine (“prediction machine”) typically depends on a human manager being in the
loop to refine the machine’s prediction (Nair and Saenz, 2024). This reflects the fact that managers
often have uncodified market insights that are not captured by the machine (Ibrahim et al., 2021;
Siemsen and Spiliotopoulou, 2024).

A perspective that “the best forecasts often come not from replacing humans with algorithms, but
from combining them” (Ibrahim et al., 2021, p2314) requires firms to consider the impact on behavior
when using prediction machines to augment rather than replace humans. Concerns have been raised
across a wide array of contexts (e.g., customer support, education, recruitment) that Al adoption
might lead to a reduction in human effort (Ni et al., 2024; Ahmad et al., 2023; Dell’Acqua, 2022).
There is some evidence that human decision makers tend to overrely on Al machine advice and that
this overreliance leads to lower cognitive engagement and inefficient performance (Alexander et al.,
2018; Klingbeil et al., 2024). AI adoption does not always lead to effort reduction (Ni et al., 2024)
and the effect on effort may depend on the quality of an Al prediction (Dell’Acqua, 2022).

An operations manager making a procurement quantity decision in the face of demand uncer-
tainty may exert less of their own forecasting effort if provided with a prediction machine. The firm
needs to somehow account for (and possibly counteract) the effort-dampening potential of Al if it
wants to take full advantage of the forecasting potential of AI. That is the problem we study in this
paper. In particular, we consider a firm facing uncertain demand that delegates a purchase quantity
decision to a human manager who can exert effort to generate a demand prediction. To improve its
monetary profit, the firm deploys a machine that provides the manager with a signal of its demand
prediction. Reflecting a common practice in which Al is used to augment but not replace human
decision-making, the manager is not subservient to Al in our setting. The manager chooses whether
or not to exert effort to also generate their own prediction. Based on the machine signal, or on a
combination of machine signal and human predictions (if effort is exerted), the manager determines
a procurement quantity.

We first consider two benchmark settings: no machine and a full-disclosure machine that com-
municates its actual prediction. We characterize the effort-exerting conditions with and without
a machine, thereby identifying the conditions under which machine deployment can dampen the
manager’s prediction effort and thus reduce the potential benefit of machine deployment. Then, we
explore whether the firm can mitigate the effort dampening effect by tailoring (or tuning) the ma-

chine’s communication to the manager. Adopting a Bayesian persuasion approach, we characterize



the machine’s optimal signaling (messaging) policy, where a policy specifies a mapping from the
realized machine prediction to a probability distribution for the machine signal communicated to
the manager. A full-disclosure policy is one in which the machine always communicates its actual
prediction. A partial-disclosure policy is one in which the machine probabilistically communicates
something different from its actual prediction. For the reader uncomfortable with the notion that
the firm would deploy a machine that might misrepresent its prediction, as we discuss later, a
partial-disclosure policy is equivalent to the firm adjusting the machine’s true positive and true
negative probabilities and implementing full disclosure (with a less-informative machine).

We establish that partial disclosure can be optimal because it can (at times) preserve managerial
effort when full disclosure would dampen it. We fully characterize the firm’s optimal machine
disclosure policy as a function of the product’s cost-to-revenue ratio. For high-margin products,
the firm should downplay high predictions from the machine (unless managerial effort cost is low);
whereas for low-margin products, the firm should exaggerate low predictions from the machine
(again unless managerial effort cost is low). For medium-margin products, regardless of effort cost,
the firm should neither downplay nor exaggerate the machine prediction because the information
loss from obfuscation outweighs the benefit of preserving managerial effort. Interestingly, unless the
machine’s prediction capability is sufficiently high, it can be optimal for the firm to disclose less
information (i.e., engage in more obfuscation) as the machine prediction capability increases. An
alternative approach to resolving the effort-withdrawal concern would be for the firm to optimally
adjust the manager’s compensation scheme when deploying a full-disclosure prediction machine. In
an extension, we identify the conditions in which our informational approach (partial disclosure)
outperforms the contracting approach (compensation design). Among other extensions, we analyze
a setting where the machine has a lower prediction capability than the manager and we prove that
partial disclosure is optimal even for medium-margin products.

We establish in a sales-and-operations planning context that firms are right to be concerned
about the potential for managerial effort reduction when Al is introduced. Importantly, our results
provide actionable guidance on how to address effort withdrawal. Firms should implement an
information-design based approach unless they perceive managerial effort cost to be low, in which
case compensation design can outperform information design. When implementing the information-
design approach, the best strategy depends on the product’s cost-to-revenue ratio. In particular,
for medium ratios the firm should deploy the prediction machine (at its maximum capability) and

remove the human from the forecasting loop; at very high or very low ratios the firm can deploy the



prediction machine (again at its maximum capability) and still benefit from managerial effort; but
at high or low ratios the firm should only partially disclose the machine prediction by introducing
bias — either exaggerating or downplaying its prediction — to retain managerial effort. In this last
case, as the machine’s maximum capability improves, the firm should engage in more obfuscation
(unless this maximum exceeds a threshold), but we note that the informativeness of the optimally

tuned market-state prediction does not decline.

2 Literature Review

Our work adds to the emerging literature on human and machine collaboration in operations man-
agement (Dai and Swaminathan, 2025). Existing literature has explored in various context such as
procurement (Cui et al., 2022; Li and Li, 2022), health care (Dai and Tayur, 2022; Dai and Singh,
2024; Hou et al., 2024; Dai and Singh, 2025), process automation (Beer et al., 2024), and enterprise
generative Al design (Dai and Taylor, 2025).

More relevant to our work are those papers that explore the provision of machine-generated
predictions to a human decision maker in an operations context. Through a behavioral lens, Ibrahim
et al. (2021) compare two approaches to integrating human judgment with prediction algorithms,
and their findings suggest that asking a human to adjust the algorithm’s prediction, rather than
providing a direct forecast, leads to higher predictive accuracy. Balakrishnan et al. (2025) identify
an advice-weighting behavior in which people take a weighted average of their own forecast and that
of a machine, and propose ways to mitigate the resulting biases. de Véricourt and Gurkan (2023)
consider a repeated decision making process and find that the human may fail to learn the machine’s
true accuracy in the long run due to verification bias. Based on a rational inattention framework,
Boyaci et al. (2024) study the impact of providing machine predictions to a human decision-maker
who can exert cognitive effort to assess information that the machine cannot capture. They find that
machine input always improves decision accuracy but may increase false positive errors. Our work
complements this growing literature by asking whether we should fully disclose machine predictions
to human decision makers, given that the information disclosure may affect the human’s incentive
to make their own judgment.

In a concurrent paper to ours, Guan et al. (2025) also study a problem in which a principal
delegates a forecasting task to a human agent and can provide a prediction machine to assist the

agent. They show that the principal might reduce machine precision to incentivize the agent’s



effort. Although we and Guan et al. (2025) both examine the effect of machine predictions on
human effort, the papers differ in several important ways. We embed the prediction machine in a
sales-and-operations context in which an operations manager determines both forecasting effort and
an order quantity. This difference has important implications because both the value of forecast
information and managerial incentives depend critically on the product’s profit margin. Moreover,
our framework allows the firm to control the prediction bias, downplaying or exaggerating machine
predictions based on the profit margin. Additionally, our context also allows us to explore the
impact of demand variance on effort and information disclosure.

We adopt an information design framework (Kamenica and Gentzkow, 2011), and as such, our
work relates to the broader literature on information design in operations (Candogan, 2020). Rel-
evant studies have considered information problems in revenue management (Drakopoulos et al.,
2021), public warning policies (Alizamir et al., 2020; De Véricourt et al., 2021), platform economics
(Papanastasiou et al., 2018; Bimpikis et al., 2024), smart navigation (Chen et al., 2023), and agri-
cultural interventions (Farahani et al., 2024). The papers on the disclosure of demand information
are particularly related to our work. Bimpikis and Mantegazza (2023) study a two-sided platform
disclosing demand information to the supply side, thereby influencing potential suppliers’ entry and
pricing decisions. Candogan and Gurkan (2024) consider a two-tier supply chain in which a retailer
determines an information disclosure policy of demand information, and based on the disclosed
information, a supplier chooses a production quantity before actual demand is realized. In our
problem, different from Candogan and Gurkan (2024), information disclosure influences not only
the order quantity of the receiver (the human manager in our setting) but also their effort in eliciting
separate demand information. Moreover, the sender (the firm) maximizes a profit that includes both
shortage and overage costs, whereas in Candogan and Gurkan (2024) the sender (retailer) focuses
on a profit that involves only the shortage cost.

Some studies have examined information design problems in which the receiver exerts costly
effort to acquire or process information. Boyaci et al. (2024) study a seller’s disclosure of product
quality information, after which consumers may acquire additional information about whether the
product matches their tastes. In the economics literature, Lipnowski et al. (2020) consider a re-
ceiver who must process the sender-provided information at an attention cost, and consequently the
receiver’s information is bounded by the sender’s disclosure. Matyskova and Montes (2023) examine
a setting where, after receiving the sender’s message and forming an interim belief, the receiver can

further update its belief. In their setting, both the sender and receiver can acquire full information



about the true state. In contrast, our setting features a distinct structure in which both the sender
(machine) and the receiver (human) can generate predictions, but each with only limited accuracy.
As such, neither the sender nor the receiver is capable of eliciting full information alone.
Additionally, our work relates to studies on information provision or acquisition for order quan-
tity decisions. One strand of research examines a retailer sharing private demand information with
a supplier to influence its production capacity decision (Ozer et al., 2011; Chu et al., 2017; Lu and
Tomlin, 2024). The information is shared via cheap talk, which differs from our setting where the
machine designer commits to a disclosure policy ex ante. Another literature stream examines the
impact of information with the downstream retailer making inventory decisions (e.g., Iyer et al.,
2007), and some papers consider the case where the retailer chooses not only an order quantity but

also an effort level to improve demand forecasts (Taylor and Xiao, 2009; Tang and Girotra, 2017).

3 Model

We consider a human manager (“they”) choosing an order quantity @ for a single-season product
that faces uncertain market demand, i.e., a classic newsvendor setting. The product is purchased
at a unit cost ¢ and sells at a unit price p, where p > ¢ > 0. Demand is either ay or ar, where
ag > ar, > 0. Let 6§ € {H,L} represent the uncertain market state. Let A denote the prior
probability that § = H. Two-point distributed demand allows us to derive our main results in
a closed-form manner, and similar assumptions have been adopted elsewhere in the operations
literature, e.g., Iyer et al. (2007). In §5.3, we show that our results extend to settings in which
there is residual (unresolvable by prediction) demand uncertainty associated with each of the two
demand states. We note that it is common to focus on two states in the information design literature
(De Véricourt et al., 2021; Candogan and Gurkan, 2024). Before placing the order, the manager can
exert effort to predict the eventual market state. The firm (that employs the manager) has decided
to equip the manager with a machine that also provides a prediction of the market state.
Machine and Human Predictions. The machine generates a prediction X,,, € {0, 1} of the
market state, with X,, = 0 (X,,, = 1) denoting that the machine predicts the market state to be
0 = L (0 = H). Interpreting the high state as positive and the low state as negative, let the “true
positive” and “true negative” probabilities associated with the machine prediction be denoted as b,
and b), respectively; that is by, = Pr(X,, = 1|6 = H) and V], = Pr(X,, = 0|0 = L). Separate

from the machine, the human manager can also generate a market-state prediction Xj € {0,1}.



Analogous to the machine, we use Xj, = 0 (X}, = 1) to denote a low-state (high-state) prediction,
and we define by, = Pr(X), = 1|0 = H) and b}, = Pr(X;, =0/ = L).

In what follows, we impose some reasonable conditions on the machine and human predictions.

Assumption 1. Both X, and X, are unbiased estimators of the state 0, that is, the unconditional
probability of a high prediction equals the prior probability of the state being high, i.e., Pr(X,, =
1)=Pr(Xp=1)=A.

A similar assumption (and a binary forecast information structure) can be found in other demand
forecasting papers in the operations and marketing literatures (Iyer et al., 2007; Jiang et al., 2016).
We note that for prediction n € {m,h}, Assumption 1 implies that 1 —b], = ﬁ(l —by,).} Without
loss of generality, we focus on b, € (\,1].2

A higher b, signifies a more informative prediction X,,. For expositional simplicity, we will refer
to by, as the accuracy of prediction source n € {m, h}.> The value of b,, will depend on the nature of
the product and the source of the prediction (machine or human). The more novel a product is, the
harder it is (for both the machine and the human) to predict demand, and so a more novel product
would be associated with lower values of b, and b, as compared to a less novel product. Because a
prediction machine can process large amounts of data more readily than a human, in the base model
we focus on the case in which b, > by, that is, the machine is more accurate than the human in its
prediction. (Because empirical evidence suggests prediction machines do not necessarily outperform
humans in some settings (Abolghasemi et al., 2024), we examine the case of b,, < bj, as a model
extension in §5.2 so as to cover both cases.) For later use, we introduce the metric 5 = i 1=by

1—bm)+(1—bp)

which measures the accuracy of the machine relative to the human, and note that b,, > by if and
only if (iff) g > 1/2.

There can be an overlap in the information sets used by the machine and the human to generate
their predictions. For example, they may both have access to past sales data of similar products.
Therefore, in general, X,,, and X} may be correlated, and so we need to consider the joint probability
distribution of the machine and human predictions conditional on 6, i.e., p;;., = Pr(X,, =i, X, =

jl0 =w) for all 4,5 € {0,1} and w € {L, H}. For tractability, we assume that the probability that

'Because X, is unbiased by Assumption 1, we have A = Pr(X,, = 1) = APr(X,, = 1|§ = H) + (1 — \) Pr(X,, =
116 = L) = Abp + (1 — A)(1 — by,) for n € {m,h}. Thus, probabilities 1 — b, and 1 — b;, satisfy the relation
1-0b, = ﬁ(l — by), and b,, and b, are not equal unless \ = %

2By Bayes’ rule, as b, — A, Pr(0 = H|X, =1) = X and Pr(6 = L| X, =0) =1 — )\, and so the prediction X,, is
not informative at all; at b, = 1, Pr(d = H|X,, = 1) = Pr(f = L|X,, =0) = 1, and so X,, fully reveals 6.

31t can be shown that as b, increases, X, becomes more informative in the Blackwell sense (Blackwell, 1953).

Throughout the paper, when we say “more accurate,” we mean more Blackwell informative.



the machine and human are both mistaken in their predictions is negligible.

Assumption 2. Conditional on 6, the probability of both X, and X} being mistaken is zero, i.e.,
Pr(X,,=0,X;,=00=H)=Pr(X,,=1,X, =10 =L) =0.

Given our context and research questions, Assumption 2 is not overly restrictive because it
implies Pr(0 = H|X,, = 1,X;, = 1) = Pr(0 = L|X,,, = 0, X}, = 0) = 1, that is, the market state is
fully revealed when the machine and human forecasts agree with each other. This reflects the idea
that the best forecasts often result from combining human and machine insights (Ibrahim et al.,
2021) and is somewhat similar to the information structure assumed in Boyaci et al. (2024).4

Assumptions 1 and 2, along with the machine and human accuracies b,, and by, defined earlier,

result in the following conditional probability distribution of (X,,, X3):

P = bm +0p — 1, p1L =0,
=1— by, = 251 = bm),
PiojH h and Pio|L 1;,\( m) (1)
porjg =1 — b, porr = 725 (1 = bn),
| Poojr =0 pooir =1 — 25(1 = bm) — 25(1 = bp)

Using the above conditional probabilities and Bayes’ rule, we can derive the unconditional prob-
abilities of each realization of (X,,, X}), denoted by p;; = Pr(X,, = i, X, = j) for i,5 € {0,1},
and the resulting posterior probabilities of § = H conditional on (X,,, X}), as summarized in Table
1. As an aside, we note that the relative accuracy metric S defined above is also equal to the

probability of the machine forecast X,,, being correct whenever the predictions X,,, and X} diverge.

Table 1: Unconditional probability distribution of (X,,, X},) and the posterior probabilities of § = H.

X, X Pr(X,,, X;) Pr(0 = H| X, X3)
L1 puu=Xbm+b,—1) 1
1 0 P1o = )\(2 — bm — bh) ,8
0 1 po1 = A(2 — by, — by) 1-3
0 0 p[)o:l*)\(?)*bm*bh) 0

Finally, given the possibility of overlapping information feeding the machine and human predic-

tions, it would seem unrealistic to allow the unconditional predictions X,, and X} to be negatively

“Motivated primarily by medical decisions, Boyaci et al. (2024) consider a setting in which the true state is good
iff both the machine’s and human’s evaluations are good. In this regard, our Assumption 2 is in line with their model.
However, in their model, a negative machine evaluation will fully reveal that the true state is bad. This fits well with
healthcare contexts where decisions are critical. Differently, we consider demand forecasting, and therefore, in our
model the machine forecast X,, alone will not fully the true state, regardless of whether X,, is positive or negative.



correlated. Therefore, in all that follows, we restrict attention to independent or positively corre-
lated predictions. X,, and X} have a correlation coefficient p(X,, Xp) > 0 iff b, + b, > 14+ A5
Therefore, in this paper, we only consider the parameter space { (b, bs) € (A, 1]% : by +bp > 1+ A}
All the probabilities in (1) are well-defined within this space.

Human Prediction Effort. The manager must exert costly effort to generate a market-state
prediction. In the base model, we assume that the manager chooses between two effort levels,
e € {0,1}. If e = 0, they do not obtain any information about Xj,. If e = 1, they acquire a signal sy,
that fully reveals the prediction Xy, i.e., s, = X}, while incurring a non-monetary effort cost k& > 0.
The effort cost x captures the time and attention required by the manager to gather and process
information to form the prediction X;. A binary effort choice is often adopted in the literature to
model information acquisition (Taylor and Xiao, 2009; Tang and Girotra, 2017). However, in §5.4,
we allow the manager to choose a continuous effort level e € [0, 1] where s, partially reveals X}, if
e < 1. We show that our main findings based on binary effort continue to hold. Although s, = X},
in the base model, we choose to work with the notation s, (instead of replacing s; everywhere with
X},) to more easily allow for the later generalization.

Machine Information Provision. The machine communicates the value of its prediction X,
to the manager through a message (signal) realization s,, € I', where I" denotes the set of message
realizations. We consider a binary message space I' = {0, 1} while noting that restricting to a binary
space is without loss.® We use 1 to denote the messaging policy of the machine, which is formally
a mapping from any realized value of the machine prediction X,, to a distribution over message
realizations. That is, n : {0,1} — A(T"), where A(T") denotes the set of all probability distributions
on support I' = {0,1}. Specifically, let n(s,,|X,,) denote the probability of the machine message
realization being s,, conditional on a realized prediction X,,. For instance, a machine that fully
reveals the value of X, has n(1|1) =1 and n(0]0) = 1. In general, however, n(1]|1) and 7(0]0) need
not be one, in which case the messaging policy only partially reveals the machine prediction X,,.
As described below, the firm determines the messaging policy.

The Manager’s Decisions. Equipped with a machine, the manager solves a two-stage prob-
lem: prediction effort level followed by a quantity decision. First, upon receiving a machine message

Sm, they decide to either exert no effort and rely exclusively on the machine prediction or to exert

®The correlation coefficient is given by p(Xm, Xn) = p11—(Poi+p11) (Pro+Pi1)

= where the unconditional
v/ (Poo+po1) (Poo+r10) (Po1+P11) (P10+P11)

probabilities are given in Table 1.
SWhen solving for the optimal messaging policy, we do not require any restriction on the message space and show
that binary messages are sufficient to achieve optimality.



effort at a cost k to obtain their own additional signal s, = X}. Next, conditional on the available
information, a single signal s, in case of e = 0 or a pair of signals s,, and s, in case of e = 1,
the manager chooses an order quantity ) to maximize the expected profit based on their posterior
belief about the market state #. This second decision is a newsvendor problem.

Let s be the information set available to the manager. Let us write s = (s,,, ) if they opt not
to elicit s, and s = (s, $p,) otherwise. Given any s, the manager chooses an order quantity @ to

maximize the following profit function:

m(Qls) = rEg[min(ag, Q)[s] — cQ (2)

where the expectation is taken over market state § based on the manager’s posterior belief formed
from information set s.

Define II(s) = maxg>o m(Q|s) as the optimal expected profit conditional on information set s.
Based on the realized machine signal s,,, the manager decides on their prediction effort e. If no
effort is exerted (e = 0), then the manager will make the ordering decision based on information
set 8 = (8m,0), resulting in an expected profit II(s,,, D). If choosing to exert effort (e = 1),
the manager will have access to both signals (s, sp), leading to an expected profit II(s,, sp).
Because s, is random when deciding the effort e, the manager’s expected payoff for e = 1 is given
by s, eq0.13 Pr(salsm)I(sm, sn) — k, where Pr(sp|s;m) represents the probability of the human-
generated signal being s; conditional on machine signal realization s,,. The manager chooses the
effort level that leads to the maximum expected payoff. Therefore, the optimal effort level is given

as follows.

¢ (5m) = Lif 3o, eq0,13 Prsnlsm)I(sm, sp) — k = H(sm, 0) 5

0 otherwise.

In formulating the manager’s effort and quantity decision objectives, we have scaled the non-
monetary prediction-effort cost k in monetary units and have assumed that the manager’s com-
pensation is structured so that they choose an order quantity to maximize a scalar multiple of the
expected monetary profit (with the scalar set to one for notational ease). As discussed and ex-
panded on in Remark 1 below, this is equivalent to assuming the manager is compensated through
a performance-based linear contact. The contract is assumed exogenous in our base model but we
explore contract-parameter optimization in §5.1.

The Firm’s Decision on Machine Information Provision. The firm, having decided

10



to provide a prediction machine to the manager, determines the machine’s messaging policy so
as to maximize its expected profit. The firm cannot internalize the manager’s non-monetary ef-
fort cost k because the time and cognitive effort that a human spends processing information is
usually unverifiable or non-contractible. Therefore, the manager’s prediction effort cost induces a
misalignment in incentives between the firm and the manager.” We intentionally focus on an infor-
mational approach to managing this misalignment and we therefore exclude other approaches such
as outcome-contingent compensation in which the manager receives monetary payments contingent
on the realized machine message and profit.

The firm configures (“tunes”) the prediction machine by determining a messaging policy n to

maximize the expected monetary profit. The firm’s problem can be formulated as follows.
max Bx,, 2B, ~n(1Xm) [ (8m)Esy 5, LL(8m, 85) + (1 = € (8m)) (51, 0)] (4)

where e*(sp,) is given by (3). Recall that 7, as the decision variable of (4), is a collection of the

probability distributions 7(sy,|X,,) for all X,, € {0, 1}.

Remark 1. Our model has assumed, in effect, that the manager is compensated through a lin-
ear performance-based contract. That is, the manager receives wp + wpm, where wp is the base
salary, wp is the commission rate, and 7 is the firm’s realized monetary profit not including com-
pensation. Linear (commission-based) compensation contracts are commonly used in practice and
widely adopted in the literature exploring managerial compensation (see, e.g., Jin, 2002; Baiman
et al., 2010; Long and Nasiry, 2020). Let the unscaled managerial effort cost be denoted by x > 0.
Given wp and wp, the manager maximizes (with the relevant expectation) wp + wpm — ke, which
is equivalent to optimizing m — ke by defining a scaled effort cost k = ﬁ. In the base model, we
focus on optimizing the machine information provision while assuming the compensation param-
eters {wp,wp} to be fixed.® Thus, without loss, we work with the scaled effort cost k and the

transformed manager payoff m — ke hereafter until compensation design is explored in §5.1.

Remark 2. Although we formulate the problem as choosing among messaging policies 7 that

TOur main results can be extended if part of the human’s information acquisition cost can be internalized by the
organization. For example, if the human decision marker, after observing the machine’s message, decides to pay a
third party for a market survey, then we can readily incorporate the monetary cost for the survey in the machine
designer’s objective; however, the additional time and attention required to process the survey results are still incurred
by the human.

8Changing existing compensation terms because of Al adoption may be costly in practice because it may be
subject to mandatory bargaining (Young and Morris, 2023) and/or may result in a long-term cost of losing productive
employees (Sandvik et al., 2021).

11



partially or fully reveal X,,, an alternative interpretation of our problem is that the firm can
choose (“tune”) the machine’s true positive and true negative prediction probabilities subject to a
set of constraints governed by b,,. To see this, note that messaging policies n(s,,|X;,) conditional
on X,, can be readily transformed to probability distributions conditional on the market state 6,
denoted by 7(s|6). That is, 7(sm|0) = > x, 0,13 1(5m|Xm) Pr(Xm|0), with 7(1[H) and 7(0[L)
being the true positive and true negative probabilities, respectively. When optimizing over 7,
we are essentially choosing among machine information structures 7 that are Blackwell (weakly)
less informative than the information structure obtained when X, is fully disclosed (Blackwell,
1953). With that interpretation, the tuned machine fully discloses its signal to the manager with
information structure 77. As will be established later, partial disclosure of X,, can be optimal for
problem (4), which indicates that the firm may be better off tuning the machine to be less informative
than its maximum prediction capability (defined by b,,) even when higher informativeness (subject

to an upper limit) is costless.

Remark 3. In formulating Problem (4), we have assumed that the firm can credibly announce and
commit to a messaging policy 1 and that the manager is aware of 1 and makes the prediction-effort
and ordering decisions based on the realized machine message s,,. The former commitment assump-
tion is reasonable in our context because a machine’s precision can be quantified and communicated
beforehand. The latter assumption, under which the manager exerts prediction effort after receiving
the machine message, is consistent with the human-machine literature (e.g., Boyaci et al., 2024).
It is also justified by the temporal flexibility of managerial effort: even if the manager is required
to submit an initial prediction before observing the machine signal, they can still withhold part
of their effort until after seeing s,,. As discussed earlier, our model reflects a setting in which the
manager retains responsibility for the order-quantity decision, rather than being forced to delegate
it to the machine. Hence, even if the manager must first submit a preliminary prediction, they can

still refine it after observing the machine signal.

4 Results

4.1 Optimal Order Quantity

Given any realized information set s, regardless of whether the manager has generated their own
signal sp or not, the optimal order quantity is influenced by s only through their posterior belief

about the market state, which is formed based on s. Let u denote the posterior belief that the
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market state § = H, that is, u = Pr(# = H|s). Note that p is affected by the machine’s accuracy
b, and signal structure n, by the realized machine signal s,,, and by the realized human signal s,
and accuracy by, (if effort is exerted).

To begin the analysis, we first derive the optimal order quantity for any given posterior belief p.
Define ¢ = ¢/r as the cost-to-revenue ratio of the product. Note that 1 — ¢ is commonly referred to
as the critical fractile in newsvendor problems. A lower ¢ represents a product with a higher profit

margin.

Lemma 1. Given any posterior belief p = Pr(0 = H|s), the optimal order quantity is given by
Q" () =ar if p < ¢ and Q* (1) = ag if p > ¢. The resulting expected profit can be expressed as a

function of p:
w() = U s 6
(r—clar + (ru—c)(ag —ar) if u> ¢.

In our two-point demand setting, it is clearly optimal to order either a; units or ay units.
Ordering ay, guarantees there is no leftover inventory in either state but forgoes some demand if the
market state is high. Ordering ap guarantees demand is always met but risks leftover inventory
(overstocked) if the market state is low. Intuitively, the more the manager believes the market state
to be high, the more willing they should be to bear the overstock risk. Lemma 1 establishes that

there exists a threshold such that ordering az units is optimal iff the posterior belief i is above the

threshold, and that the threshold is exactly the cost-to-revenue ratio ¢.

4.2 Benchmarks: No Machine and Machine with Full Information Disclosure

We begin by analyzing two benchmark settings: one in which the firm does not provide a prediction
machine to the manager, and one in which a machine is provided and the machine fully discloses
its prediction to the manager. In the no-machine setting, the manager chooses whether to acquire
additional information s; based only on the prior A. In the full-disclosure machine setting, the
manager chooses their prediction effort based on the realized machine message s, € {0,1} that
fully reveals X,,, € {0, 1}, which is equivalent to having a messaging policy n(1]|1) = 1(0/0) = 1 and

n(0[1) = n(1]0) = 0.

To characterize the optimal prediction effort in both settings, we define [,, = w, Uy = bp—
i . (1-N)k A1=by)—(1=N)k _ kt1-by _ k r_ k
X 0= T U0 T TX@be by 0 T 2y A0 = I grm, where b = Smt

scales the effort cost relative to the potential monetary gain in the high state. Proposition 1 below

establishes the conditions under which the manager will exert effort with and without a machine.

13



These conditions can be represented by three triangular regions in the k-¢ coordinate plane, as

illustrated in Figure 1.

No effort G

e"=1
w/o0 machine

e(sp) =1
iffs,, =1

w0 4 u(1,0)

Figure 1: Optimal effort e* without machine and with full-information machine

Proposition 1. (i) Without machine information, the manager exerts effort e* =1 iff ¢ € [l uy].
(ii) With full machine information, contingent on the realization of machine message s, € {0, 1},
the manager’s optimal effort level e*(s,,) is given by €*(0) = 1 iff ¢ € [lo,uo], and e*(1) = 1 iff
¢ € [l1,u1].

Without a machine, the manager exerts effort iff ¢ falls into an interval [l,,, u,], represented
by the dashed triangular region which centers around the prior A. Recall from Lemma 1 that the
optimal order quantity depends crucially on whether the belief that demand is high (0 = H) is
greater or less than ¢. If no effort is exerted, then this belief is the prior A, and the manager orders
ag (ap) if ¢ < X (¢ > N). Exerting effort (to generate a prediction) will shift the posterior belief
to the left or right of the prior. From Lemma 1, a shift to the left (right) changes the order quantity
from ag to ar (from ay, to ap) only if the posterior p < ¢ (u > ¢). In the relevant range of ¢ to
the left (right) of A, the benefit of exerting effort is the avoidance of leftover inventory (the gain
from higher sales), and this benefit is increasing (decreasing) in ¢ for a fixed r. It is optimal to
exert effort only when this benefit outweighs the effort cost k, and so we have a triangular region
centered around the prior.

When a full-disclosure machine is provided, the manager chooses their prediction effort based on
their updated belief according to the realized machine message s,,,. Denote by (8., ) the updated
belief that & = H upon observing s,, (but without acquiring s;); we have u(0,0) < A < p(1,0).

Two effort-exerting intervals, [lo, up] and [l1,u1] emerge for s,, = 0 and s,, = 1, respectively; see
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the solid triangular regions in Figure 1. The effort-exerting region for s,, = 0 is on the lower end of
the ¢ axis, whereas the region for s,, = 1 is on the higher end. We explain each in turn.

A low ¢ signifies a high profit margin, and so the manager is somewhat inclined to order for
the high market state, i.e., order ay and take the overstocking risk instead of the unmet demand
risk. A high-state prediction from the machine (s,, = 1) aligns with this inclination, and so further
refining the posterior through prediction effort does not generate much value. In contrast, a low-state
prediction from the machine (s,, = 0), pushes back on the manager’s “order high” inclination, and so
generating a prediction to further refine the posterior helps the manager decide whether it should go
with its inclination (order high) or adjust based on the machine signal (which directionally pushes
towards ordering low). A high ¢ signifies a low profit margin, and so the manager is somewhat
inclined to order for the low market state, i.e., order a;, and take the unmet demand risk instead of
the overstocking risk. Analogous to above, it is in the manager’s interest to exert prediction effort
only when the machine signal runs counter to this inclination to order low; that is, it is optimal to
exert effort only if the machine signal is high (s,,, = 1). If one thinks of the new prior (post machine
prediction) as being the prior for the effort exertion decision, then the logic described above to
explain the dashed triangular region for the no-machine case applies also to the with-machine case,
but the relevant prior is now to the left of A if s, = 0 or to the right if s, = 1.

Crucially, Proposition 1 establishes that providing a prediction machine can dampen the man-
ager’s prediction effort. For example, for those (¢, k) pairs in Figure 1 lying within the large dashed
triangle but not within either solid triangle, the manager never exerts effort if given a (full-disclosure)
machine but would exert effort in the absence of a machine. An important question, therefore, and
the one we now explore, is whether the firm can mitigate this effort-dampening impact by tuning

the machine’s messaging policy.

4.3 Optimal Information Disclosure

We now consider the firm’s problem given by (4) and determine the optimal messaging policy
71" that maximizes the expected monetary profit. For any given messaging policy 77, the machine

message s, influences the optimal effort e*(s,,) solely through the resulting posterior belief that the

n(sm[DA
n(sm[1)A+n(sm[0)(1=A)"

the posterior probability that X,,, = 1. Note that v is a random variable ex ante because X,, and

machine prediction X,, = 1. Per Bayes’ rule, Pr(X,, = 1|s;,) = Let v denote

Sm are uncertain. The information design literature has shown that optimizing over the messaging

policy is equivalent to determining a particular Bayes-plausible distribution of posteriors (Kamenica
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and Gentzkow, 2011). Following this approach, we will hereafter work with the posterior v, instead of
7(Sm|Xm). An important feature of our problem is that the firm controls the information regarding
the machine prediction X,,, which itself is only an estimator of the market state 6. Our analysis

will leverage the posterior of X,,, rather than the posterior of 6.

4.3.1 Optimal Prediction Effort Given a full-disclosure machine, that is, n(1|1) = n(0]0) = 1,
the posterior v will be either one (with probability A\) or zero (with probability 1 —\). Nevertheless,
if one allows partial disclosure such that n(1]|1) < 1 or n(0]0) < 1, then v could lie strictly between
zero and one. This motivates us to characterize the manager’s optimal effort generally as a function
of v € [0,1]. To do so, we establish a mapping from v, the posterior belief regarding X,,, to u, the
posterior regarding 0. Then, for any posterior v € [0, 1], we rewrite the expected monetary profits
with and without generating the human prediction as II;(v) and IIx(v), respectively. Consequently,
the optimal prediction effort can be recast as e*(v) = 1 iff II;(v) — IIy(v) > k. Technical details
about this transformation are relegated to Appendix A.

The optimal prediction effort e*(v) can be characterized using the two thresholds defined below.

N2 = by — b)) — AL — b)) + (1 — Nk
L= T ) o bn — 1 — ) + A(1— b

(6)

and
¢(1 = A3 — by — b)) — (1 — Nk

U= o on =1 =N+ (L= NI =)’ ")

Lemma 2. For any given posterior belief v = Pr(X,, = 1|sy), the manager’s optimal prediction
effort e*(v) can be characterized as follows. Ifk > K, then e*(v) = 0 for allv (Case (N)). Otherwise,
there exists two thresholds 1 < 19 such that e*(v) is given by one of the following three cases: (i)
for ¢ < wg, e*(v) = 1 iff v < aho; (i) for ¢ > 1y, e*(v) = 1 iff v > 1; (iit) for ug < ¢ < Iy,
e*(v) =1 iff 1 < v < hg. Moreover, for each i = 1,2, provided 0 < 1p; < 1, 1; is increasing in ¢.

Lemma 2 shows that the optimal prediction effort e*(v) depends on k = k/(r(ag — az)) and
on the cost-to-revenue ratio ¢ = ¢/r. The structure of e*(v) is illustrated in Figure 2. If k is
higher than a threshold K, the manager will never exert effort to make a prediction, regardless of
the posterior v; this is Case (N) of Lemma 2. Note that the threshold depends on ¢. When ¢
is close to 0 or 1, the value of demand information is diminished because, regardless of the human

prediction, the optimal order quantity is ag (ar) because of the extremely low (high) procurement

9The closed-form expression of K can be found in the proof of Lemma, 2.
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Case (N)
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vy,

(]

Figure 2: Structure of the optimal effort e*(v) for different combinations of k£ and ¢ (Parameter
values: A = 0.5, ag = 20, ar, = 10, r = 10)

cost relative to the selling price. As a result, the parameter region for Case (N) is enlarged as ¢
becomes extreme, as shown in Figure 2. If k is below K , the optimal effort is posterior-dependent.
It can be shown that IT;(v) — Iy (v) is unimodal in v. As a result, e*(v) = 1 iff v falls in an interval
[11, 2], where ¥; < 0 for sufficiently small ¢ and 1y > 1 for sufficiently large ¢. Thus, Cases (i) -
(iii) of Lemma 2 follow.

Cases (i) and (ii) correspond exactly to the two solid triangular regions presented earlier in
Figure 1 where, given a full-disclosure machine, the manager exerts effort only when receiving a
low message (s, = 0) and a high message (s,, = 1), respectively. Recall that the low and high
messages from a full-disclosure machine must imply v = 0 and v = 1. Now, Lemma 2 presents a
more general result: For high-margin products (small ¢), the manager exerts effort if the posterior
v is lower than t9; for low-margin products (large ¢), the manager exerts effort if the posterior v is
higher than .

More importantly, compared to the full-disclosure benchmark, a new case — Case (iii) — emerges
when we consider any posterior v € [0, 1]. With a full-disclosure machine, the manager never exerts
effort for moderate profit margins or ug < ¢ < l3. Nevertheless, Case (iii) of Lemma 2 indicates that
the manager is incentivized to exert effort if their posterior v lies in an interval [, 12]. Moreover,
we can establish that both v; and 19 increase with ¢, that is, the interval [, ¥9] shifts toward the
higher end of v as the profit margin becomes lower, reflecting the same intuition as before that the
manager has greater incentive to exert prediction effort when the machine hints at high demand for

low-margin products or when the machine hints at low demand for high-margin products.
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4.3.2 Optimal Messaging Policies Lemma 2 implies that the firm might benefit from moti-
vating effort by obfuscating the machine prediction X,, so that the manager’s posterior belief v
falls into the interval [¢1,1)2]. However, obfuscation also compromises to some extent the value
of the machine’s information. This tradeoff leads to the following important question: when it is
optimal to obfuscate X,,, and to what degree it should be obfuscated. When k>K , effort cannot
be induced for any posterior v (Lemma 2 Case (N)) and so full disclosure is trivially optimal. Thus,
without loss, we will assume k < K hereafter.

Lemma 2 implies that the firm might benefit from motivating effort by obfuscating the machine
prediction X, such that v falls into the interval [¢)1, 1)2]. Important questions are when it is optimal
to do so and to what extent X,,, should be obfuscated, because obfuscation will, on the other hand,
sacrifice some value of the machine’s information. Clearly, when k > K such that effort cannot be
induced for any posterior, full disclosure is trivially optimal. Thus, without loss, we will assume
k < K hereafter.

Following the information design literature (Kamenica and Gentzkow, 2011), the optimal ex-
pected payoff is achieved on the upper concave envelope of the expected monetary profit II(v),
where II(v) = II;(v) if e*(v) = 1, and II(v) = IIy(v) otherwise. We will leverage this property to
derive the optimal messaging policy n* that solves (4). Throughout the paper, in cases where mul-
tiple information structures are optimal for problem (4), we break the tie by choosing the optimal
messaging policy n* that is more informative.

If the machine prediction is fully disclosed, it then follows from our earlier results that the
manager only exerts effort in Case (i) if given a low message s, = 0, only exerts effort in Case (ii)
if given a high message s, = 1, and exerts no effort in Case (iii). In Proposition 2, we characterize
the optimal messaging policy n* under each of these three cases. To simplify notation, we will write
n*(1]1) and 1*(0|0) as i} and 7, representing the probability of the machine message accurately
communicating X,,; accordingly, n*(0|1) = 1 — n} and 1*(1|0) = 1 — ;.

Proposition 2. The optimal messaging policies are characterized as follows.

(i) If ¢ < g, full information disclosure (F) is optimal, that is,

(ii) If ¢ > 1y, full information disclosure (F) is optimal.
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(iii) If ug < ¢ < li, there exist thresholds b1 and ¢ such that (a) for up < ¢ < b1, partial

information disclosure is optimal with messaging policy (D) given below

*_>\—¢11
nl_l—lbl)\

and ng = 1. (D)

(b) for 1 < ¢ < ba, full information disclosure (F) is optimal.

(c) for b2 < ¢ < l1, partial information disclosure is optimal with messaging policy (E) given

below

. . A 1
n =1 andny = (1 ¢2> T (E)

D no effort

effort for low effort for high

effort for low effort for high

C ! 1 I L
0.0 02 04 0.6 0.8 10

¢

Figure 3: Structure of the optimal messaging policies as in Proposition 2 (Parameter values: b, =
0.9, by, = 0.85, A = 0.5, ag = 20, ay, = 10, r = 10, and ¢ is varied based on ¢.)

Proposition 2 is numerically illustrated in Figure 3. First, note that k > K in the dark region
(N) and therefore full disclosure is trivially optimal. Proposition 2 focuses on the optimal messaging
policies for the rest of the parameter space.

In Cases (i) and (ii), full disclosure is optimal. That is, if the manager already has the incentive
to exert effort for one of the signal realizations under full machine information (for the low signal
in case (i) and the high signal in case (ii)), then partial disclosure does not add value and the firm
should deploy a full-disclosure machine. Put differently, the full-disclosure triangles in Figure 3 are
the same as the signal-dependent effort triangles in Figure 1.

In Case (iii), where the manager never exerts effort under full machine information, partially

disclosing the machine prediction can be optimal, as we now discuss.
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For ¢ < ¢1, the optimal messaging policy is given by (D), where (D) stands for “downplay.”
The machine always communicates a low prediction by sending a low message (i.e., 5 = 1), but
it probabilistically downplays a high prediction by sending a low message with positive probability
n*(0]1) = 1 —n] > 0. As established earlier, for high-margin products, the manager is inclined to
exert effort when receiving a low prediction. In region (D) of Figure 3, the profit margin is high
but not high enough to induce prediction effort under a full-disclosure machine (uy < ¢ < le)
Therefore, downplaying a high prediction to a low one (with some probability) is optimal because it
motivates managerial effort under a low machine message. As shown graphically in Figure 3, doing
so expands the effort-exerting region for low messages.

For ¢ > ¢, the optimal messaging policy is given by (E), where (E) stands for “exaggerate.”
The machine always communicates a high prediction by sending a high message (i.e., nf = 1), but
it probabilistically exaggerates a low prediction by sending a high message with positive probability
n*(1]0) = 1 —n§ > 0. For low-margin products, the manager is inclined to exert effort given a
high prediction. In region (E) of Figure 3, the profit margin is low but not low enough to induce
prediction effort under a full-disclosure machine (qBQ < ¢ < li). Therefore, exaggerating a low
prediction to a high one (with some probability) can be optimal because it motivates managerial
effort under a high machine messages; thus, expanding the effort-exerting region for high messages
in Figure 3.

For ¢ within the medium range [QZA)l, gZA)g], inducing managerial effort requires so much obfuscation
(either downplaying or exaggerating) that the loss of machine information cannot be justified by
the benefit resulting from the manager’s prediction. Consequently, the optimal policy reverts to full
disclosure without inducing human effort.

Next, to illustrate how partial disclosure may lead to a higher profit than full disclosure, we
consider a numerical example in which b,, = 0.9, b, = 0.85, A = 0.5, ag = 20, a;, = 10, r = 10
and k = 8. Given ¢ = 8 and hence ¢ = 0.8, by Lemma 2, the manager will exert effort iff the
posterior v falls between ; = 0.72 and 12 = 0.9455. As depicted by the black solid line in Figure
4, the expected monetary profit II(v) as a function of the posterior v consists of three pieces: for
v € [0,%1), II(v) is constant because the manager does not acquire s;, and orders the low quantity
of ay, units; for v € [11,19], the manager acquires s; and adjusts their order size based on the
realization of s, and so the monetary profit II(v) jumps upward and increases in v; for v € (19, 1],
the manager does not acquire s; but orders ay units, and so II(v) increases in v.

Under full disclosure, the machine message s,, precisely reveals X,,. Consequently, vp = 1 and
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Figure 4: Illustration of the expected monetary profits under the optimal messaging policy (E) in
Proposition 2(iii) [Parameter values: 8 = 0.6 with b,, = 0.9 and b;, = 0.85, k = 8, A = 0.5, ay = 20,
ar, =10, 7 =10 and ¢ = 8]

II(vp) = 30 if s, = 1 (which occurs with probability 0.5), whereas vp = 0 and I(vp) = 20 if
Sm = 0 (probability 0.5). The manager exerts no effort in either scenario, resulting an expected
profit Il = 25, as marked by the middle point of the dashed line in Figure 4.

Given ¢ = 0.8, policy (E) is optimal with nf = 1 and nj = 0.942, whereby the machine always
communicates high predictions as high, but may exaggerate low predictions as high with probability
1 —ng = 0.058. Consequently, the manager forms the posterior belief as follows. If receiving a low
message s, = 0, they will ascertain a low prediction X,, = 0, i.e., vops = 0; however, if receiving a
high message s,, = 0, they are aware that the actual prediction may possibly be low with probability
0.058, and applying Bayes’ rule leads to a posterior vy, = 0.9455, which coincides with 2. Note
that v, = 12 provides just enough incentive for the manager to exert effort. As such, the optimal
policy induces effort (under a high message) with minimal obfuscation of the machine prediction.
This partial disclosure policy results in an expected profit Il,,; = 27.21, an 8.8% improvement over
the expected profit under full disclosure I1p = 25.

Figure 5 illustrates the two other policies in Proposition 2(iii) that arise for different ¢. Different
to ¢ = 0.8, the product has a high profit margin when ¢ = 0.2, and from Lemma 2(iii), the manager
exerts prediction effort only when v falls into a lower interval given by ¥ = 0.0545 and 1o = 0.28.
In this case, policy (D) is optimal under which the machine precisely reveals low predictions while
downplaying high predictions as low with probability 1 — nj = 0.058. Consequently, a low message

retains just enough probability that the actual prediction is high to induce effort, that is, v = 1.
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Figure 5: Illustration of the expected monetary profits under the optimal messaging policies (D)
and (F) in Proposition 2(iii) [Parameter values: § = 0.6 with b,, = 0.9 and b, = 0.85, k = 8,
A=0.5, ag =20, ar, = 10, » = 10 and ¢ varied according to ¢ given in the graph|

See the left panel of Figure 5. When ¢ = 0.5, the manager exerts effort only when v falls into
a moderate interval given by: ¢ = 0.2625 and ¥y = 0.7375. Inducing a posterior v = 1 or ¥,
comes at the cost of withholding too much machine information, and so fully disclosing the machine
prediction and not motivating effort becomes optimal. See the right panel of Figure 5. In Appendix
C, we present a more comprehensive numerical study showing that partially disclosing machine
information can generate significantly larger profit gains than a full-disclosure machine.

Our analysis highlights a tradeoff between the provision of machine-generated predictions to
inform decisions and the desire to preserve managerial effort. Partial disclosure of machine infor-
mation can be optimal because it balances this tradeoff. Our results establish that the optimal
disclosure policy varies non-monotonically in the product’s profit margin; that is, disclosure can
transition from full to partial and back to full again as the margin decreases (¢ increases). In par-
ticular, observe from Figure 3 that the policy transitions from (F) to (D) to (F) to (E) and back
to (F) as ¢ increases. For very high-margin or very low-margin products, managerial incentives
align with the firm’s profit objective, making full disclosure optimal because it does not dampen
effort. As the margin shrinks from very high to high (grows from very low to low), downplaying
high predictions for high-margin products (exaggerating low predictions for low-margin products)
helps retain managerial effort. When the margin is medium, however, the informational value of
a fully-disclosed machine prediction (versus an obfuscated prediction) dominates the value of in-
ducing managerial effort, making full disclosure without human effort optimal. Put differently, for

medium-margin products, the firm can automate the forecasting activity and effectively disregard
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Figure 6: 7] and 7 as functions of by, with given ¢ [Parameter values: A = 0.5, ay = 20, ar, = 10,
k = 8.5, r =10, and b, = 0.8, whereas c¢ is varied based on ¢|

the attendant loss of effort.

4.3.3 Effect of the Machine’s Prediction Capability As discussed in Remark 2, partial
disclosure can be interpreted as tuning the machine to be less informative than its prediction ca-
pability defined by b,,. Our results therefore imply that the firm may benefit from deploying a less
informative machine (by introducing biases toward the high or low state depending on the product’s

profit margin) even if deploying the machine’s full capability is costless.

Proposition 3. All else constant, there exists a threshold Bm such that for b, < l;m it can be
optimal to obfuscate (downplay or exaggerate the machine’s prediction) with a greater probability as
by, increases. In particular, (i) for ¢ < ug, the optimal policy changes from (F) to (D) and then
back to (F) as by, increases, with 0 starting at one when (F) optimal, then decreasing while (D)
optimal, and finally jumping back to one when (F) again optimal. (ii) for ¢ > 11, the optimal policy
changes from (F) to (E) and then back to (F) as by, increases, with ng starting at one when (F')
optimal, then decreasing while (D) optimal, and finally jumping back to one when (F) again optimal.

In other words, it can be optimal to garble the machine’s prediction with even greater probability

as the machine’s prediction capability increases (unless its capability exceeds a certain threshold).
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Proposition 3 is illustrated in Figure 6 where we set the human accuracy as b, = 0.8 and consider
two different cost-to-revenue ratios: (i) 0.2 and (ii) 0.8. For both (i) and (ii), when b,, is slightly
greater than by, full disclosure is optimal because it does not dampen effort. However, as b,
increases further, n} (case (i)) or g (case (ii)) starts to decrease in by, because more obfuscation
is required to retain managerial effort. Once b, reaches 0.925 approximately, implementing full
disclosure (deploying the machine’s full capability) again becomes optimal, but this time without
managerial effort.

We emphasize that a decrease in nj or 7 reflects a higher probability of garbling the machine
prediction X,,, but that does not necessarily imply a reduction in the informativeness of predicting
the market state 6. In fact, it can be shown that as the machine’s prediction capability b,, increases,

the optimally-tuned informativeness in predicting the true market state 8 will not decline.'”

5 Extensions

5.1 Optimizing Compensation with a Full-Disclosure Machine

As discussed earlier in Remark 1, our base model is equivalent to one in which the manager is
compensated through a linear performance contract: the manager receives wg + wpmw, where wg
is the base salary, wp is the commission rate, and 7 is the firm’s realized monetary profit not
including compensation. With that perspective, the effort cost k in the base model reflected the
true effort cost s scaled relative to the commission rate wp, i.e., k = k/wp. In effect, our analysis
so far has focused on optimizing information provision so as to address managerial effort concerns
while taking the compensation contract as given and unchanging. We now examine an alternative
approach, compensation design, to address the manager’s incentive issue by allowing the firm to
optimize the contract parameters {wp,wp} when providing a full-disclosure machine.

To set a fair basis for comparison between the two different approaches, we first consider an
existing (status quo) setting in which no prediction machine is available but the firm optimally
designs the manager’s compensation parameters. We regard that optimal design as the ezisting

contract. Then, assuming that a prediction machine becomes available, the firm may (1) retain

10 As discussed in Remark 2, for predicting 6, we allow the firm to choose, among all information structures 7(s,,|0)
that are (weakly) less informative than the one governed by by,. Given any b}, > by, any information structure
7(sm|0) obtained under capability b, can also be obtained (through garbling) under capability b}. Using this
property along with the characterization of optimal disclosure policies, we can show that the optimal information
structure under capability b;; cannot be less informative than that under capability b,,. However, it should be noted
that the optimal information structures under b;}, and b,, are not necessarily Blackwell comparable, and so we cannot
conclude that the informativeness of market-state predictions is increasing or weakly increasing in by, .
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the existing contract while optimally disclosing the machine information as characterized in §4.3,
or (2) deploy a full-disclosure machine but re-optimize the contract parameters by considering
the manager’s effort choice in response to machine predictions. We refer to the former strategy
as the information design approach and the latter as the optimal contracting approach. In the
contracting approach, we assume that the firm bears no administrative or personnel costs when
altering compensation terms, such as the costs of bargaining with unions or the potential loss of
long-term employees (Sandvik et al., 2021; Young and Morris, 2023).

In Appendix D, we formulate (and solve) the contract design problem in which the firm chooses
{wp,wp} to maximize its expected payoff V' = (1 —wp)E[r] —wp, both for the setting without any
machine (status quo) and the setting with a full-disclosure machine. In both settings, the firm’s
choice of contract parameters {wp,wp} must satisfy the incentive compatibility (IC) constraint
that induces effort and the limited liability (LL) constraint that guarantees the manager a given
minimum salary t.'* We focus on the exogenous parameter range where inducing human effort
is indeed optimal under the contracting approach.!? For the status-quo (no machine setting), we
denote the optimal contract as {wh,wN} and we derive this in closed form in Appendix D. For the
full-disclosure machine setting, because we are interested in comparing the contracting approach
to the information design approach, we focus on the exogenous parameter space for which partial
disclosure would be optimal under the status-quo optimal contract; that is, the parameter space for
which partial disclosure policies (D) or (E) is optimal under {w%,w}}. We derive (again in closed
form) the optimal contract parameters for the full-information machine setting and denote them as
{wk, wE}. We establish that in both settings, the optimal base salary terms (wk and w¥) are set
such that the LL constraint is binding. We also prove that wg > wg . In other words, to induce
effort with a full-disclosure machine, the firm must raise the commission rate above its existing level,
thus resulting in a higher agency cost.

Let 7,50 and Teontract denote the firm’s expected monetary profit (ignoring manager compensa-
tion) under the information design and optimal contracting approaches, respectively, and let Vi,
and Veontract denote the expected overall payoffs of the firm (profit net of compensation). It is not

immediately obvious whether Vj,, is less than or greater than Vi.oniract- On the one hand, the

11n practice, firms are typically required to ensure a minimum salary, regardless of realized profits. The LL
constraint is common in moral hazard settings to satisfy the minimum wage requirement, which is typically determined
by labor regulations or commonly accepted market standards.

121 the manager’s effort cost  is prohibitively high, or if the optimal order quantity is independent of X3 (which
happens if ¢ < % or ¢ > bp), then modifying the existing contract to induce effort will not improve the firm’s
expected payoff. We rule out these cases in the analysis.
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Figure 7: Optimal (partial) information disclosure without altering existing compensation terms
versus full information disclosure with optimized compensation terms. (Parameter value: A = 2

2
by, = 0.9, by, =0.85, ag =20, ar, =10, r =10, c=7,1=0)

optimal contracting approach delivers a higher monetary profit, i.e., Teontract > Tinfo, because the
manager exerts the desired effort level and has full machine information. On the other hand, the
optimal contracting approach requires a higher commission rate be paid to the manager (wg > wg ).
We analytically establish below that (assuming equal priors) the information design approach out-
performs the optimal contract approach (i.e., leads to a higher firm payoff) when the manager’s

original effort cost  is large.

Proposition 4. Assume the prior A\ = % When partial disclosure (i.e., policy D or E) is optimal

under the information design approach, Vi,fo > Veontract if K exceeds a threshold k.

As demonstrated in Figure 7, the firm’s expected payoff decreases in the effort cost x. In
the information design approach, the payoff decreases because the firm has to sacrifice more of
the machine’s predictive-value to induce managerial effort. In the contracting approach, the firm
suffers from a higher agency cost (higher optimal commission rate) as effort cost increases. The
firm’s payoff is more sensitive to effort cost under the contracting approach, and so the information
design approach is preferable (i.e., results in a higher firm payoff) once x is large enough. Our
results establish that, even if compensation adjustment is costless, firms may benefit more from
optimally tuning machine information disclosure (and not changing compensation) than from fully
disclosing the machine’s information and re-optimizing compensation. We acknowledge that our
analysis focuses on linear compensation schemes due to their widespread use in practice and in
the literature. Incorporating more complex nonlinear compensation structures might be a valuable

direction for future research.
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5.2 Machine Less Accurate than Human (The Case of b, < by)

Our analysis has so far assumed that the machine’s predictive capability is superior to the human’s,
i.e., by, > by. Empirical evidence suggests, however, that in some settings Al models do not
consistently outperform human experts in forecasting accuracy (Abolghasemi et al., 2024). For this
reason, we now consider the case of b, < b.!3

For the base model, i.e., b,, > by, we established that when partial disclosure is optimal, the firm
should garble to the minimum extent necessary to induce managerial effort; see earlier disclosure
policies (D) and (E) and their related discussion in §4.3.2. We will establish below that this minimum
garbling result does not necessarily hold for b, < by. Intuitively, when human prediction is superior
to machine prediction, inducing managerial effort is highly desirable even if it comes at the cost of
higher machine-information loss through more garbling. In addition to policies (D) and (E), a few
more forms of partial disclosure policies can emerge in the optimal solution. It can be optimal to
downplay high predictions or exaggerate low predictions with greater intensity, as defined in policies

(D) and (E”):

*_>\_¢21 * 9
¥ N A 1 7
n1ZIMMn0:<1_¢q>1_A (E)

Note that n} is smaller in (D’) than in (D), that is, high predictions are downplayed to low with a
larger probability. Similarly, n is smaller in (E’) than in (E), that is, low predictions are exaggerated
with a greater probability. Moreover, it can be optimal to simultaneously downplay high predictions
and exaggerate low predictions by setting both 1y and 7 strictly less than one, as defined in policy

(D&E):
Y2 A-v1 L =91 o — A
A P2 — 1=A 12—t

We fully characterize the optimal messaging policy in Appendix E and the solution structure is

m= nd 1 (D&E)

illustrated in Figure 8. Below, we summarize how the optimal policies differ from the base model.
As was the case for the machine-more-accurate setting (Figure 3), full disclosure (F) is again
optimal for very high-margin or very low-margin products because it does not dampen managerial

effort. Also, as the margin shrinks from very high to high (grows from very low to low), downplaying

13Even when the machine is less accurate than the human, the machine prediction can still add value if the machine
and the human’s information sources are not completely overlapping; that is, the machine has access to some data
that the human does not (or that the human cannot readily process).
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Manager’s Effort Under the Optimal Policy:

No Effort

Effort for Low Message

Effort for High Message

Effort for Both Messages
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Figure 8: Structure of the optimal information provision for the case of b, < b;, (Parameter values:
b, = 0.85, by, = 0.9, A = 0.5, ag = 20, ar, = 10, » = 10, and c is varied based on ¢.)

(D) high predictions for high-margin products (exaggerating (E) low predictions for low-margin
products) remains optimal. For medium-margin products, the optimal disclosure policy diverges
significantly from the machine-more-accurate setting where full disclosure (and foregoing managerial
effort) was optimal. In the human-more-accurate setting, partial disclosure to induce effort (possibly
under both message realizations) is often optimal.

In particular, consider the region 8 < ¢ < 1— .14 As illustrated by the white region in Figure 8,
the optimal policy varies with effort cost k. For sufficiently small k, full disclosure is optimal because
the manager always has incentive to exert effort. Adjacent to this, (E) and (D) are optimal: in (E),
the manager already has incentive to exert effort upon receiving a low prediction, and the optimal
policy probabilistically exaggerates low predictions as high to further preserve effort under high
messages; symmetrically, in (D), the manager has incentive to exert effort upon receiving a high
prediction, and the optimal policy further induces effort under low messages by probabilistically
downplaying high predictions. As k increases such that the manager has no incentive to exert
effort under either machine prediction, garbling both prediction realizations, policy (D&E), becomes

optimal.'> At even higher effort costs, (D’) or (E’) becomes optimal, inducing effort more often by

14 The region 8 < ¢ < 1 — f exists only when b, < by, since 3 < % iff by, < bp.

5Tn our base model, when (D&E) is optimal, multiple optimal solutions exist and providing no machine information
is also optimal leading to the same expected profit. This multiplicity of optimal solutions stems from the assumptions
of binary effort choice and two-point distributed demand (which make the monetary profit II(v) piece-wise linear
in v). We present the solution as (D&E) not only because we follow a tie-breaking rule that selects the most
informative messaging policy, but more importantly because (D&E) is the unique optimal solution when either of
those assumptions is relaxed. More details are discussed in Appendices F and G.
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downplaying or exaggerating with greater intensity than in (D) or (E).16
In summary, when the machine has lower prediction capability than the human, it is always
optimal to keep the human in the loop. For moderate-margin products, it is optimal to induce more

effort through obfuscation rather than adopt full disclosure without engaging human effort.

5.3 General Demand Distributions

Our base model assumed demand followed a two-point distribution. We now show that our re-
sults extend to more general demand distributions. Suppose that, under each market state 6 €
{H, L}, demand dy follows distribution Fy, where Fp first-order stochastically dominates FT.
For any posterior u, the expected monetary profit under the optimal order quantity is 7*(u) =
maxg>o rE[pmin(dy, @) + (1 — p) min(dr, Q)] — cQ. As in the base model, we can replace p with
the transformed posterior v associated with the machine prediction X,,. We can analytically gen-
eralize our main results when dy is uniformly distributed (for 6 € {H, L}) under the following

assumptions:

(1) dg is either (a) uniformly distributed over [ag — o, ag + o] with ay —ay, > 20, or (b) uniformly

distributed over [0, ag] with ag > ar.

(ii) The unconditional predictions X,, and X} are uncorrelated, i.e., p(X,, Xp) = 0, or equiva-

lently, by, +by, =14+ .

Assumption (i) captures two common forms of state-dependent demand uncertainty when the states
differ in mean demand. In (a), the two market states are non-overlapping but have the same
variance; in (b) the market states are nested but have the same same coefficient of variation. Under
Assumptions (i) and (ii), we can prove that the value of acquiring the human prediction is unimodal
in v. Consequently, as in the base model, if the effort cost k is below a threshold, there exists an
interval [i1,12] such that e*(v) = 1 iff v € [¢)1,92]. Different to the base model, closed-form
expressions for ¢; and w9 are generally unavailable. Nevertheless, the monetary profit II(v) is
piecewise convex in v and discontinuous at v = 11 and 2. Consequently, partial disclosure can be
optimal, taking on exactly one of the forms introduced earlier. The conditions for each disclosure
policy to be optimal are summarized in Proposition 5, although these conditions are more implicit

than those in the base model.1”

%1n fact, (D) and (E) use the least garbled information that motivates effort, whereas (D’) and (E’) use the
maximally garbled information that motivates effort.

17State-dependent uniform demand has also been adopted in the recent information design literature, e.g., Candogan
and Gurkan (2024). Our setting differs substantially from their supplier-retailer setting; for example, there is no
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Proposition 5. Provided Assumptions (i)(ii) and k is lower than a threshold Iys, there exists an
interval [, 2] such that e*(v) = 1 iff Y1 < v < o. If (¢;) — I(0) < o(II(1) — TI(0)) for
both i = 1,2, then full information disclosure is optimal. Otherwise, partial information is optimal
as characterized below. (i) If TL(¢p1) — IL(0) > 91 (II(1) — II(0)) and (1 — b2)(IL(1) — TI(¢1)) <
(1 — o)(II(1) — II(p2)), then m* is given by (E’) for X < i1, and by (D) for X > 11; (ii) if
I(¢2) — I1(0) > b2 (I1(1) — II(0)) and ¢1(IL(¢2) — I1(0)) > 2 (Il(¢h1) — II(0)), then n* is given by
(E) for X < g, and by (D’) for X\ > 19; (iii) otherwise, n* is given by (E’) for A < 1, by (DEE)
for iy < XA < )9, and (D’) for X > 1s.

(a) b, = 82,b,=0.78,k = 4.5 (b) by, =78,b, =082,k = 3.5
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Figure 9: Effect of the standard deviation o on the policy structure [parameter values: A = 0.5,
ag =20, ar, = 10, r = 10 and ¢ is varied according to ¢ given in the graph|

We also explored non-uniform distributions by conducting a numerical study in which dy is
normally distributed with mean ay and standard deviation o. Market states thus have overlapping
demand supports. Our numerical results again confirm that the optimal messaging policy has the
same structure as in our base model setting with two-point distributed demand. As ¢ increases, the
optimal policy changes from (F) to (D) to (F) to (E) and back to (F) when b,,, > by,; see Figure 9(a).
Partial disclosure (in various forms) is optimal for medium value of ¢ when b,, < by; see Figure 9(b).
Additionally, we observe that, for a fixed ¢, partial disclosure is more likely to be optimal when
demand has a moderate standard deviation . As ¢ increases, accurately ascertaining the market
state 6§ becomes less important because the residual (unresolveable) demand uncertainty becomes

more relevant than market-state knowledge, and so the manager has less incentive to exert effort.

effort aspect in their setting, whereas in our setting the receiver (manager) can generate an additional forecast.
Consequently, our results differ. Their corollary 2 and theorem 3 show that full disclosure is always optimal for the
demand specifications considered in our extension — namely, disjoint uniform intervals with equal lengths and nested
intervals where one has a higher upper bound. In contrast, in our setting, partial disclosure can be optimal for both
specifications.
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For sufficiently large o, full disclosure without inducing effort is optimal. Interestingly, as o becomes
smaller, the optimal policy may change from partial to full (e.g., when ¢ = 0.3 or ¢ = 0.7). This
is because in such cases, a small enough o, together with an appropriately high or appropriately
low profit margin (low or high ¢), already provides sufficient incentive to exert effort (for one of the

machine predictions) under full disclosure, thus making partial disclosure unnecessary for the firm.

5.4 Continuous Information Elicitation Effort

In the base model, we assumed that the manager’s effort choice e was binary and that they obtained a
signal s, = X, if e = 1 but no information if e = 0. Our results can be generalized to a setting where
the manager chooses a continuous effort level e € [0, 1] while incurring a convex increasing cost ke?
where k& > 0. Intuitively, a higher effort level should lead to a more informative prediction. To model
this, we follow the “truth-or-noise” setting widely adopted in the literature (Johnson and Myatt,
2006; Hagiu and Wright, 2020). With probability e, s, reveals the true value of Xj, i.e., sp = Xp,.
With probability 1 — e, sp is an independent draw from the same distribution as X}, and thus not
informative at all. Consequently, s; and X} are correlated according to the following conditional
probabilities: Pr(X, =1|sp =1) = e+ (1 —e)X and Pr(X, =0|sp, =0) =e+ (1 —e)(1 — A\). This
effort-dependent prediction is also in line with Taylor and Xiao (2009). We can interpret X} as the
best prediction that a human can generate if choosing e = 1.

Despite the continuity of e, we can prove that the optimal effort level is either zero or sufficiently
high. The intuition is as follows. Exerting effort e > 0 creates value only if e is large enough for
the realization of sp to meaningfully influence the order quantity. If e is too small, the posteriors
conditional on s; = 1 and s, = 0 will not differ enough to favor different order quantities; thus,
no effort is preferable to a small but inadequate effort. As a result, akin to the base model, there
exists an interval [11,12] such that a positive effort level is optimal iff v € [¢1, 2] whereas no
effort is optimal if v is outside [¢1,12]. Thus, partial disclosure policies work through the same
mechanism as in our base model, motivating effort by inducing posterior beliefs v = 91 or v = 9.

More detailed discussions can be found in Appendix G.

6 Conclusion

AT has many obvious benefits for business operations, but practitioners and researchers have voiced

the importance of accounting for human behavior during Al deployment. Our work establishes
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that Al induced effort-dampening is a valid concern in a sales and operations (demand-forecasting
and procurement-quantity) context where a firm deploys a prediction machine to augment a human
manager. We fully characterize the conditions under which a manager reduces forecasting effort
in response to the firm deploying a full-disclosure machine. This effort withdrawal reduces the
potential value of the machine, and we therefore examine whether the firm can counteract effort
dampening by configuring the machine’s communication (disclosure policy) to the manager. We
also compare this informational approach to a contracting approach that uses compensation design
to mitigage effort withdrawal.

The optimal machine disclosure strategy depends critically on the product’s cost-to-revenue
ratio. In particular, at medium ratios the firm should use full disclosure and essentially remove the
human from the forecasting loop; at very high or very low ratios the firm can use full disclosure
and still retain managerial effort; but at high or low ratios the firm should only partially disclose
the machine prediction — either exaggerating or downplaying its prediction — to preserve managerial
effort. The firm should engage in (weakly) more obfuscation as the machine’s maximum capability
improves but the resulting informativeness of the optimally tuned market-state prediction does
not decline as the machine’s maximum capability improves. When compared to an alternative
contracting approach to manage effort dampening, the firm should implement an information-design
approach unless they perceive managerial effort cost to be low, in which case compensation design
can outperform information design.

Future research in this area could build on this work in a number of ways. Experimental research
could study prediction-machine disclosure policies with human subjects in a newsvendor lab setting.
Theoretical research could explore disclosure policies in other settings (e.g., medical diagnoses,
predictive maintenance, supply-disruption adjustment) where prediction machines augment human

experts.
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Online Appendices for “Augmenting the Operations Manager with a

Prediction Machine”

A Transforming the Expected Monetary Profit as a Function of v

In Lemma A.1 below, we establish a mapping from v, the posterior belief that Pr(X,, = 1|s;),
to p(v), the posterior belief that § = H given v. Specifically, for each possible information set
s = (Sm,0), ($m, 1) and (s, 0), we can write the posterior probability Pr(§ = H|s) as un(v), p(v|1)
and p(v]0), respectively. Note that ux(v) represents the manager’s belief regarding the market state
based solely on the machine, and p(v|sy) denotes the posterior belief when the manager acquires

an additional signal sp,.

Lemma A.1. Suppose that, upon receiving any given machine signal sy, € {0,1}, the manager has

a posterior belief v = Pr(X,, = 1|s;,). Then, for any given v, the following holds true.

o [f the manager does not exert effort to generate a prediction sy, then their posterior belief that

the market state is high, Pr(6 = H|sp,, (), can be expressed as

v(bm - )‘) + >‘(1 - bm)

i (v) = L . (A1)
o [f the manager exerts effort to generate a prediction sy, then
— sp = 1 with probability Pr(sy, = 1lsm,) = z(v) = v(bm+bh_1_1)‘_)j\r)‘(2_bm_bh), and the

resulting posterior belief Pr(0 = H|sy,, 1) can be expressed as

(b + b — 1 — bpA) + A(L = i)
1) = - A2
H(vl1) U(bm + b — 1 — A) + N2 — by — bp) (A4.2)

— sp = 0 with probability Pr(s;, = 0|sp,) = 1 — 2(v), and the resulting posterior belief
Pr(60 = H|spm,0) can be expressed as

o(1 = b)(1— N
(1= N) — 0(om +bp —1—A) = A2 — by — bp)

(v]0) = (A.3)

Using the expressions in Lemma A.1 and the profit function 7*(u) derived in Lemma 1, we can
rewrite the expected monetary profit given any information set s as a function of the posterior

belief v. Specifically, we write II(s,,,0) as IIy(v) = 7*(un(v)), representing the expected profit



without generating a human signal sp,; and we write II(sy,, sy) as 7*(u(v|sp)) for each s, = 1,0,
representing the expected profits conditional on s, = 1 and s; = 0, respectively. Define I1;(v) =
> sneqon} Pr(salsm)m™ (u(vlsy)) as the expected monetary profit when generating a prediction (i.e.,
eliciting signal sp). Consequently, and with a slight abuse of notation, the optimal prediction
effort can be recast as a function of the posterior v, denoted by e*(v), and we have e*(v) = 1 iff

H[(U) — HN(U) > k.

Proof of Lemma A.1. In our proofs, it is sometimes more convenient to work with the probability

distribution of X}, conditional on X,,. For i,j € {0,1}, we define y;; = Pr(X), = j|X,, = i) =

% where the p;;’s are the joint probability distribution of (X,,, X}) given in Table 1.
je{0,1} Pij

Mapping to our original notation, we have

(2 = by — b)) A

1— (3= by — bp)A
1—\ '

1-A

Y11 = bm +bp — 1, y10 = 2 — by, — bp, yo1 = and yoo = (A4)

By the assumption that X,, and X}, are either independent or positively correlated (or equivalently,
by + by, > 14+ ), we have y11 + yoo > 1 where y11 + yoo = 1 represents the case where X,,, and X},
are independent.

We start by deriving a general result that applies to any effort level e € [0,1] according to
the setting in Appendix G. Specifically, with probability e, s; reveals the true value of X, i.e.,
sp = Xp. With probability 1 — e, sp is an independent draw per the same distribution of X;. As
a result, Pr(X; =1|sp, = 1) = e+ (1 —e)X and Pr(X;, =0|s, =0) = e+ (1 —e)(1 — A). Letting
e =0 and e = 1 will yield the result for the base model where e € {0,1}.

Given any posterior belief v regarding X,,, = 1 and any effort level e, we derive the human’s
posterior belief regarding the market state  upon receiving any realized sp. Let u(e,v|sy) denote
the probability conditional on sj, which depends on both v and e.

Upon receiving sp, = 1, the posterior belief p(e,v|1) = Pr(0 = H|sp, = 1) can be derived as
follows. Let Q = {0,1}. By the law of total probability, we have

Pr(0=Hlsp=1) = >, ecqPr(0=H|Xn=w, X =uw)Pr(Xm=w, X} =u'|sp, = 1)
= Pr(Xpm=1X,=1sp=1)+ BPr(Xm =1, X), = 0]s), = 1)
—|—(1 - ﬁ) PI‘(Xm =0,Xp, = 1‘8}1 = 1)

where the second equality follows by invoking the values of Pr(0 = H|X,,, X},) in Table 1. Thus, it

suffices to derive probabilities Pr(X,, = w, X}, = «'|sp, = 1) for w,w’ € Q. By Bayes’ rule, it follows



that

PI‘(Xm = 1,Xh = 1‘8h = 1)
B Pr(sp = 1|Xm = 1, Xp, = 1) Pr(Xp = 1| X = 1) Pr(X,, = 1)
T wea Pr(sn = Xy = w, X = ') Pr(Xy, = /| Xy = w) Pr(Xn = w) (A.5)

_ (e+ (1 —e)Mynv
(e + (1T —=e)N)y11v + (1 — e)Ayrov + (e + (1 — e)N)yor (1 — v) + (1 — €)Ayoo(1 — v)

where we note that, for any w € {0,1}, Pr(sp, = 1| X, =w, X, = 1) = e+ (1 — e)A and Pr(s, =

11X = w, Xj, = 0) = (1 — e) X because of the truth-or-noise setting of signal sj,. Similarly, we have

_ _ _ _ (1—e)Ay10v
Pr(Xm =1, Xn = Olsn = 1) = crm—gmpnor o et (=N (T=0F1T=a o (1=7)

and

_ e 1y (e+(1=e)\)yor (1—0)
Pr(Xpm =0, Xp = lsn = 1) = cra—emymor@=ammovt et (- Nyor T=o) T 1= oo (1=0)

Substituting the above expressions into (A.5) yields

_ 1) — (et(1—e)My11v+B(1—e)Ay10v+(1-B)(e+(1—€)A)yo1 (1—v)
PI‘(9 - H|Sh - 1) - (e+(1fe))\)y11v+(lllfe)Ayloer(elJ?(lfe))\)ym(lfv)Jr(lfoé))\yoo(lfv)'

Invoking the expressions of 3, y11, y10 and yo1 in terms of b, and b, we can simplify Pr(§ = H|sj, =

1) as

e(L = M) [(bn+bm = 1= X) + AL = )] + AL = bn) + 0(bm = X))

ulv,efl) = AL =)+ e(bm +br — L= N)(v—N) (A.6)
Similarly, we can derive Pr(6 = H|s, = 0) as
(v, e0) = (1 =XM1 =b) + (b = A) —e(v(bm +bp, — 1 = X) + A1 — bm))] (A7)

(1=X)2—e(by+bp—1—=X)(v—2N)

Now letting e = 0, sp, is uninformative at all and, indeed, we have p(v,0]1) = u(v,0]/0) =
(b —N)+A(1—brm)
1=A

. This probability is written as puyn(v) in Lemma A.1, denoting the posterior belief
without eliciting sj,. Letting e = 1, we obtain the expressions (A.2) and (A.3) stated in Lemma

A.l.



Moreover, with belief v = Pr(X,,, = 1), the probability of s, = 1, denoted by z(v, e), is given by

Pr(sp=1) = Z Pr(sp, = 1| X = w, Xp = ) Pr(X), = | Xy = w) Pr(X,, = w)
w,w’' €N

=(e+ (1 —-e)N)ynv+ (1 —e)Ayiov+ (e + (1 —e)N)yo1 (1 —v) + (1 — €)Ayoo(1 — v).

Substituting (A.4) and e = 1, we have z(v,1) = U(b’"%h*l*l’\i)i)‘(szm*bh), which is the probability
z(v) in Lemma A.1. O
B Proofs

B.1 Proof of Lemma 1

Proof. With belief pu, the profit function II(Q) = r[pmin(ag, Q) + (1 — p) min(ar, Q)] — ¢Q is
piecewise linear and concave in ). So, the optimal quantity is attained either at Q = ar or
Q) = ap; we break the tie by setting ) = ar. The lemma follows by choosing the higher profit

between 7(ar) = (r — ¢)ar, and 7(ag) = (r — ¢)ap + (rp — ¢)(ag — ar). O

B.2 Proof of Proposition 1

Proof. (i) No Machine Information. Without machine, the manager decides on e with prior be-
(r—clap if A< ¢

(r—clar + (rA—c)(ag —ar) if A > ¢.
If e* = 1, then by Assumption 1, it will receive a signal s;, = 1 and update the posterior belief

lief A. If e* = 0, then it obtains an expected monetary profit II%, =

in @ = H to pu = by, with probability A, while receiving s, = 0 and updating the posterior belief to

>\(1 bh)

p = 200 with probability 1 — A. Note that < A < by, for by € (A, 1]. By Lemma 1, the

expected monetary profit with information elicitation is comprised of three cases:

(r—c)ar, if by, < ¢,
Uy =4 (r—cap + Arby —c)(ag —ar) if (1 b” < ¢ < by,

(r—c)ar + (rA—c)(ag —ar) if 7’\(11_? >

because the optimal order size is always ay, and aj units, regardless of the realized sy, for the first
and third cases, respectively, whereas it is ag units conditional on s; = 1 but a, units conditional

on sy = 0.



Therefore, the value of acquiring sj, is given by

;

0 if bh < (bv
n " Arby, —¢)(ag — ar) it A <o < by,
I — 4N — .o AM(1-bp,)
(L=XNe—=Ar(1 =bp))(ag —ar) if Zy52 <P <A,
e A(1=b
| 0 if A=t 5 g
Since e* = 1 iff I; — Iy > k, it follows that e* = 1 iff k := m < min((1 — A)¢ — A(1 —

bn), A(bp, — ¢)). By rearranging the terms, this is equivalent to 1, < ¢ < u,.

(ii) Full Machine Information. The result for full machine information is a special case of
Lemma 2, where the optimal effort is characterized for any posterior v = Pr(X,, = 1|s;,). Under
full machine information, with probability A (resp. 1 — \), s, = 1 leading to posterior v = 1 (resp.
S$m = 0 leading to v = 0). The optimal conditions for e*(0) = 1 and e*(1) = 1 are obtained by

invoking Cases (i) and (ii) in Lemma 2. O

B.3 Proof of Lemma 2

Proof. We prove the results by considering both cases of 5 > 1/2 and § < 1/2. The former case is

presented in Lemma 2 of the main paper, and the general statement allowing for the latter case is

in Lemma E.1 of Appendix E. We will use notation y;; defined in (A.4) along with § = 2_1b:nbﬁbh.

The optimal effort e*(v) = 1 iff II;(v) — Iy (v) > k. Depending on the three posterior beliefs u(v),
w1(v|0) and p(v|1) relative to ¢ = ¢/r, the expression of II;(v) — I (v) consists of four cases. Also,

note that u(v|0) < p(v) < wp(v|l).

Case (1) For p(v|l) < ¢, the optimal order quantity Q*(n) = ay, for all posteriors. Thus, Iy (v) =
II;(v) = (r —c)ar.

Case (2) For pu(v) < ¢ < p(v|l), Q" (1) = ar for both p = p(v) and p(v|0), but Q*(n) = an for
= p(v|l). Thus, IIy(v) = (r — ¢)ar, and

II;(v) = (r—c)ar, + z(v)(rup(v|l) — ¢)(ag —ar) = Arv+ By (B.1)

where z(v) is the probability of s, = 1 derived in Lemma A.1, and

Ar = (ag —ar)((1 —yoo)Br + (r — ¢)(y11 + yoo — 1)) (B.2)



and

Br = (r—c)ap + (am — ar)(1 = yoo)(r(1 = B) — c). (B.3)

Case (3) For pu(v|0) < ¢ < u(v), Q* (1) = ag for both p = p(v) and p(v|l), but Q*(x) = ar for

p = p(v]0). Thus, IIy(v) and II;(v) can be written as follows:

HN(U) = Anyv+ By (B.4)
where
Ay = (ag —ar)((y11 +yoo — 1)(1 = B) + B)r (B.5)
and
By = (r—c)ar + (ag —ar)(r(1 —yoo)(1 — B) — ¢). (B.6)
II;(v) = (r —c)ar + z(v)(rp(v|l) — ¢)(ag —ar) = Arv + By (B.7)

where Ay and By are as defined in (B.2) and (B.3).

Case (4) For p(v|0) > ¢, Q* (i) = apy for all the posteriors, and so

Iy (v) = (r—c)ap + (ru(v) —c)(ag — ar) (B.8)

and, since z(v)u(v[l) + (1 — z(v))pu(v|0) = p(v) (i.e., the law of iterated expectations),

II;(v) = (r —c)ag, + (ru(v) —c)(ag — ar). (B.9)

Therefore,

HN(’U) = H[(v) = Anyv + By
where Ay and By are defined in (B.5) and (B.6).

Let tn(¢), t1(¢) and to(¢) denote the inverse functions of u(v), u(v|1) and w(v|0), respectively.

Omitting their argument ¢ for ease of notation, we have

t, = (b — (1 - yOO)(l B /B) (BIO)

(yi1 +yo0 — 1)1 = B)+ 5’




_ (1—yoo)(p+B-1)
he (1= ¢)(y11 +yoo — 1) + B(1 — yoo) (B.11)

and

_ Yoo
o= é(y11 +yoo — 1) + B(1 — y11) (B.12)

Putting together the four cases and using the inverse functions t,, t; and tg, we can write

H(v) =1I;(v) — lIx(v) as follows.

0 if’UStla

H(v) Arv+ Br — (r —c)ag, ift1 <v<t,, (B.13)
v) = .
(A[—AN)’U—I—B]—BN if t, < v <tp,

kO if v > .

First, it is easy to see that H(v) is continuous in v. Second, by the assumption of y11 + yoo — 1 > 0,

and it follows that A; > 0. Moreover,

A — Ay = —(ag —ar)((1 = y11) 7 + (y11 + Yoo — 1)c) < 0.

Therefore, H(v) is unimodal in v, maximized at v = t,, and minimized to zero for v < ¢t; and v > tg.
Recall that e*(v) = 1 iff H(v) > k. It follows that (i) if & > H(ty), e*(v) = 0 for all v; and (ii) if
k < H(t,), e*(v) = 1 iff Y1 < v < )9 where 1)1 and 1 are the intersections between H(v) and k
in the second and third cases of (B.13), respectively. Straightforward algebra yields the following

expressions of 1 and s:

_ k/(r(ag —ar)) — (1 —yoo)(1 — B —¢)
= (1 —=y00)B + (1 — &) (yoo + y11 — 1) (B-14)
and
by = dyoo — k/(r(ag —ar)) (B.15)

(1 —y11)B+ é(y11 +yoo — 1)
Note that thresholds, 11 < 13, may or may not fall within [0,1]. To characterize the solution

structure, we define a set of functions of ¢:

g10(¢) = —(1 = yoo)® + (1 — yoo)(1 — B),

911(¢) = —y11¢ + y11,



920(9) = Yoo P,
g21(¢) = (1 —y11)o — (1 — y11) B,

and denote by gigl their inverse functions. Furthermore, let

(Y11 + Yoo — 1)(1 — @)+ (1 — y11)(1 — yoo) (1 — 5)5_

9m(9) = (y11 +yoo —1)(1 = B) + 5

The following relations hold: ¢y <0 <= k< g10(9), Y1 <1 «— k< 911(9), Y2 <0 —= k>
920(0), Yo <1 <= k> go1(¢) and k > H(t,) < k > gm(¢), where k = Wk_%)
Because H(v) is unimodal, we have the following cases.

e Case (N): Never Exerting Effort. If £ > H(t,) or Y1 > 1 or ¢ < 0, e*(v) = 0 for all

v € [0,1]. Using the functions defined above, k > H(t,) or 11 > 1 or 1y < 0 can be recast as
k> K = min(gm(6), 920(9), 911(9))-

e Case (A): Always Exerting Effort. If ¢; <0 < 1 < 9y, then e*(v) =1 for all v € [0,1].
The condition for this case can be written as k < K := min(g10(#), g21(¢)). Additionally,

note that )
k< go(o) = o< LU0 2k
— Yoo
and R
k< 921(9) = ¢ > ]H_f(l_yn)
— Y11

It follows that a nonnegative k exists to satisfy both inequalities above iff § < % In other

words, Case (A) emerges only when 3 < 1.

e Posterior-Dependent Effort. Otherwise, e*(v) will depend on the value of v. We have three
k

specific cases, depending on how interval |1, 2] overlaps with [0, 1]. Let gl_ol(l%) =1-8- =

and g;ll(/%) =p+ 1_211 be the inverse function of g1g and go;.

(i) If 1 <0 and ¢y <1, e*(v) = 1 iff v < p3. The condition can be written with inverse
functions: ¢ < min(g;,(k), g5;1 (k).
(ii)) If 0 < @1 and 1 < 1), then e*(v) = 1 iff v > 9. The condition can be written as
¢ 2 max(gyg (k), 921" (k).
(i) If 0 < ¢ < 1o < 1, then e*(v) = 1 iff Y1 < v < 9. The condition can be written as
gfol(l;‘) <o < g;ll(l%) Note that ¥1 < 1)y is implied by k < H (t,,(9)).

8



To simplify the notation, let Iy = g2_01 (¢), up = 91_01 (¢), 1 = 92_11(¢), and u; = gl_ll(qﬁ). Note
that per (A.4), one can rewrite all these thresholds in terms of the original notation (A, b, and bp,)
as given in the main paper. Furthermore, for 8 > %, we always have ug < l1 for any positive k. We
can therefore simplify the above cases as stated in Lemma 2 for § > %, whereas the general case
allowing for 8 < % is presented in E.1.

Finally, we establish that, provided 0 < %; < 1, 1; is increasing in ¢ for both ¢ = 1, 2.

For 1)1, its numerator is linear in ¢ with coefficient (1—ygg), thus increasing in ¢. Its denominator
is linear in ¢ with coefficient —(y11 4+ yoo — 1) < 0 by the assumption of y11 + yoo > 1. Thus, the
numerator is increasing while the denominator is decreasing in ¢. Given that both the numerator

and denominator are positive, 11 is increasing in ¢.

ar—>b
) cx+d

For 19, we first establish that, for any nonnegative real numbers a, b, ¢ and d
aac—b>/ — (ad—l—bc

is increasing

crtd crtd)? > 0. Accordingly, the numerator of ¥9 can be written as

Tan=an) = 0. the denominator of 5 can be written as c¢ + d

in z. This is because (
a¢p — b where a = ygp > 0 and b =
where ¢ = y11 +yoo — 1 > 0 and d = (1 — y11)8 > 0. Therefore, 15 is increasing in ¢.

O

B.4 Proof of Proposition 2 and Proposition E.1

Proof. We characterize the optimal disclosure policy by allowing both b, > b (or equivalently,
B > 1/2) and by, < by, (or equivalently, § < 1/2), thereby proving Proposition 2 and Proposition
E.1, respectively.

The expected monetary profit as a function v can be written as

(T_C)CLL if v <
M(v) =< A+ Br  if gy <ov <y (B.16)
Anv + By if v > o

where A, By, Ay and By are defined in (B.2), (B.3), (B.5) and (B.6), respectively, and ; and
1 are given in (B.14)-(B.15). As shown in Kamenica and Gentzkow (2011), under the optimal
information design, the maximum expected profit is attained on the upper concave envelope of
function TI(v), denoted by II(v). The upper concave envelope of II(v) is the minimum concave
function, which is (weakly) larger than II(v). Formally, the upper concave envelope of II(v) is
defined as

A

II(v) = sup{z : (v,x) € co(Il)}



where co(II) is the convex hull of II.

W) ,
Anv + By

(r—oc)a;

v
<

i 21 2 to

Figure B.1: Illustration of key thresholds used in the analysis

Figure B.1 illustrates II(v) and the useful thresholds t; < ¥ < 19 < ty. Recall that we focus
on the range of k that excludes the trivial cases (N) and (A) in Lemma 2, which ensures that there
exist 11 < g, Y1 < 1 and 19 > 0. As shown Figure B.1, Ajv + By crosses (r — ¢)ar at v = t1 and
crosses Ayv+ By at v = tg, and that Apy + By = (r—c)ap +k and Are+ By = Antpa + By + k.

Moreover, the following relations will be useful:

11 <0 <= ¢o<1-—-Pandtyp<]l <= ¢ <pf, (B.17)
Y1 <N = ¢ <u,=by—k/\, (B.18)
k+ A1 —by)

A<y <= Op>1,= (B.19)

1—A
In what follows, we examine cases (i), (ii) and (iii) in Lemma 2, respectively. For each case, we
characterize the structure of optimal messaging policies based on whether > 1/2 (as in Proposition

2) or f < 1/2 (as in Proposition E.1). Taken together, the two propositions will be proved.

Cases (i): ¢ < min(gﬂ)l(l%),ggll(lgz)) In Case (i), we have ¢ < 0 and 0 < 92 < 1. Then, II(v)

reduces to

Ajv+ B if v < g,
Hwy=4{ =~ ' =9 (B.20)
Anyv+ By if v > s,

10



Two cases can emerge. See Figure B.2 for an illustration.

(v) T (v)
A A
> v > v
0 Y, o4 0 v, L to

Figure B.2: Graphic illustration of the upper concave envelope for Case (i)

(i-a) First, if to < 1, the upper concave envelope II is a linear function connecting (0, By) and

(1, Ay + By). In this case, full revelation of X, is optimal for any prior A.

(i-b) Second, if ty > 1, II is a piecewise linear function with the first segment connecting (0, By)
and (19, A1y + Br) and the second segment connecting (12, Artbe + Br) and (1, Ay + By).

In this case, partial disclosure is optimal. Furthermore,

— If A > )9, it is optimal to induce posterior v = 19 with probability 11:1;\2 and inducev =1

with probability i‘:ﬁj To achieve such a distribution of v, the information structure is

given by

)‘_1/}2 1 * _ * .
1_¢2X7 n <0’1)_1_77 (1‘1)7 (D’)

n°(0/0) =1, 7*(1j0) = 0.

n(11) =

—If XA < 4o, II coincides with the original, linear function II, and so multiple solutions
exist. It is optimal to induce posterior v = 0 with probability ﬁ and induce v = o

with probability 1 — ﬁ.lg This posterior distribution can be achieved by the following

1811 this case, multiple solutions exist to achieve the upper concave envelope. For instance, providing no information
about X, also achieves the upper concave envelope. Throughout the paper, we break the tie by choosing the more
informative policy.

11



information structure.

n (A1) =1, 77 (0[1) = 0;
A

7o) = (1= 2) 5 o) =1 50l

Now we show that the above can be simplified according whether 5 > 1/2 or 8 < 1/2.
For Case (i) with > 1/2, only Case (i-a) can occur, because 5 > 1/2 implies to < 1. To see

this, note that under case (i), ¢ < gfol(l%) = %, which implies ¢ < 1—8. Given 8 > 1/2,

it follows that ¢ < § <= ty < 1 by (B.17). This proves Proposition 2(i).
For Case (i) with § < 1/2, both cases (i-a) and (i-b) can occur. Invoking the fact that ¢ <

B <= to<1land A <1y <= ¢ >, proves Proposition E.1(i).

Case (ii): ¢ > max(g;5 (k), g5 (k). We have ¢, > 0 and 1 < tb5. Then, TI(v) reduces to

- if v <y,
I(v) = o v s (B.21)
Av+ By if v > .

(v) 7 (v)

A A

v

<
v
<

0o b /21 1 b ¥ 1

Figure B.3: Graphic illustration of the upper concave envelope for Case (ii)

Two cases can emerge.

(ii-a) First, if ¢; > 0, then IT is a linear function crossing points (0, (r — ¢)ar) and (1, A; + By). In

this case, full revelation of X, is optimal.

(ii-b) Second, if t; < 0, then IT is piece-wise linear function with the first segment connecting
(0, (r — ¢)ar) and (31, (r — ¢)ar, + k) and the second segment connecting (¢1, (r — ¢)ar, + k)

and (1, A7 + By). In this case, partial revelation is optimal.
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Pr—A
U1

induce v = v; with probability ﬁ The information structure resulting in this posterior

— If prior A < 9, it is optimal to induce posterior v = 0 with probability and

distribution is as follows.

n (1) =1, 7*(0[1) =0
=1 (E")

n*(0[0) = T w n*(1]0) = 1 —7*(0[0).

— If prior A > 11, it is optimal to induce posterior v = )1 with probability ﬁ and

induce v = 1 with probability i‘::ﬁi . The information structure resulting in this posterior

distribution is given by

A—Tﬁll * _ *
U rom =1 .

n*(0[0) =1, #*(1]0) = 0.

n*(11) =

Now consider the cases of 8 > 1/2 and § > 1/2, respectively.

For Case (ii) with 8 > 1/2, only case (ii-a) occurs because 8 > 1/2 implies t; > 0. To see this,
under case (ii), ¢ > g;ll(l;:) = %@;i/”) which implies ¢ > . Given 8 > 1/2, it follows that
¢ >1—p <= t1 >0 by (B.17). This proves Proposition 2(ii).

For Case (ii) with g < 1/2, both cases (ii-a) and (ii-b) can occur. Using t; <0 <= ¢ <1-0

and A > 11 <= ¢ < u,, we obtain Proposition E.1(ii).

Case (iii): gy (k) < ¢ < go' (k) In this case, 0 < ¢y < by < 1, and so II(v) consists of three
pieces.
(r—c)ag if v <1,
M(v) =4 A+ Br ifiy <o <y (B.22)
Avvo+ By ifv> i

e When 0 < ¢, as illustrated in Figure B.4, we have the following cases.

(iii-a) If AmﬁB{ﬂ;(r_c)aL < Ay 4 By — (r — ¢)ay, the upper concave envelope I is a linear
function connecting (0, (r — ¢)ar) and (1, Ay + By). For this case, full information

revelation is optimal.

(iii-b) If AIwﬁB&;(T_C)aL > An + By — (r —¢)ar, the upper concave envelope I1 is a piece-wise

linear function connecting (0, (r — ¢)ar), (2, ANt2 + By + k) and then (1, Ay + By).
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Figure B.4: Graphic illustration of the upper concave envelope for Case (iii) with t; > 0

For the optimal information structure, if 0 < A < 19, it is optimal to induce v = 0
2=
P2

with probability and induce v = 19 with probability ﬁ As discussed above, this

posterior distribution results from information structure (E). If A > )9, it is optimal

induce v = o with probability ﬁ and induce v = 1 with probability i‘:zj This

posterior distribution results from (D’).

e When t; < 0, as illustrated in Figure B.5, we have the following cases.

nw) — A @)

tig ¥, v, 1

AL

P, t
tog ¥ 2 ° g t o v, 16

Figure B.5: Graphic illustration of the upper concave envelope for Case (iii) with t; < 0

Ar1+Br—(r—c)
(iii-c) If o

IT is a linear function connecting (0, (r — ¢)az) and (1, Ay + By). For this case, full

L < Ay + By — (r —c)ag, and tg < 1, then the upper concave envelope

information revelation is optimal.

(iii-d) If ArbtBr-(r—cay

o > An+ By — (r—c)ar, and ty < 1, the upper concave envelope Mis a

14



piecewise linear function connecting (0, (r —c¢)ar), (¢1, (r —c)ar + k) and (1, Ay + By).

If A < 4y, then IT is attained by inducing v = 0 with probability *4=* and v = y; with

probability ﬁ This posterior distribution results from the information structure (E’) as
characterized above.

If X > ¢, then II is attained by inducing v = 91 with probability == and v = 1 with

1—=in
’1\:’/}&1 . This posterior distribution results from the information structure (D).

probability

(iii-e) If ¢y > 1, the upper concave envelope Ilis a piecewise linear function consisting of three
pieces, connecting (0, (r—c)ar), (Y1, (r—c)ar+k), (Y2, AN2+Bn+k) and (1, Ay+Bpy).
This leads to three different cases.

If A < 9y, it is optimal to induce v = 0 with probability %;’\ and induce v = 1 with

probability ﬁ The corresponding information structure is given in (E’).

If 1 < A < g, it is optimal to induce v = 11 with probability z;f;;\l and induce v = ¥
A—1)2

Ty As such, it is optimal to obfuscate both states. The information

structure resulting in such a distribution of v can be constructed as follows:

with probability

)\_
() = 22 o) = 1 - (1)1)
X s — DSE)
1 )\
2000) = T2 () = 1= (0]0)

If A > 19, it is optimal to induce v = o with probability 11:122 and induce v = 1 with

probability i‘:i;, which results from the information structure as characterized in (D’).

We now reorganize the above cases based on whether 8 > 1/2 or g > 1/2.

For Case (iii) with 8 > 1/2 The value of ¢ can fall into one of three intervals: (g7 (k),1— ),
[1 - /87 B]a and (5a9511(/%))

(1) When ¢ € (gfol(l;:), 1 — ), then ¢t; < 0 and ¢ty < 1. we have two subcases:

B Arp1+Br—(r—c)
If o

is optimal;

“L < Ay+Bn—(r—c)ayr, it leads to Case (iii-c) in which full information

— if A’wﬁBi;(T*C)aL > Ax + By — (r — ¢)ay, we have Case (iii-d) in which partial infor-

mation is optimal with information structure (E’) if A <y or (D) if A > 9.

15



We can reduce the condition

A+ Br — (r —c¢)
P1

U < Ay + By — (r — ¢)ar. (K1)

as follows. Notice that ¥ = ZZE;?)) where h,(¢) is a linear increasing function of ¢ and hg(¢)
is a linear decreasing function of ¢ and both are positive when ;7 > 0. Moreover, by the

definitions of 11 and Ay and By, we have
A1+ Br — (T—C)GL =k (B.23)

and

AN+ By — (r—c)ap =r(ag —ar)(yii (1 — B)+ B — ¢). (B.24)

Substituting (B.23)-(B.24) and multiplying both sides of (K1) by _fnl@) e have

r(ag—ar)’

(K1) holds <= k1(¢) <0

where

~

k1(p) = kha(¢) — (y11(1 = B) + B — ¢)hn(9).

Because hy,(¢) is linearly increasing, k1(¢) is a quadratic convex. With the equivalency be-
tween £1(¢) < 0 and (K1), we can check whether k1(¢) < 0 by evaluating whether (K1) holds

at two limiting points:

—As¢p— gfol(l%), 11 — 0. Consequently, the left-hand side (LHS) of (K1), which equals
%, goes to +00. So, (K1) must be violated and so k;1(¢) > 0, as ¢ — gl_ol(l;:).

— As ¢ - 1—3, t; — 0. By the definition of ¢1, at the limiting case t; = 0, By = (r—c¢)ar,
and consequently, the LHS of (K1) reduces to A; and the right-hand side (RHS) of (K1)
equals Ay + By — By. Note that A;j + By < Ay + By iff tg < 1 (which is easy to see
from Figure B.1). Because tg < 1 in the current case, (K1) strictly holds and x1(¢) < 0
as ¢ — 1 —p3.

Therefore, as ¢ increases from gl_ol(l%) to 1—/, k1(¢) changes its sign from positive to negative.
By convexity, the sign of x1(¢) can change from positive to negative at most once. Thus, there

exists a unique threshold ¢, € (gfol(l%), 1 — ) such that k1(¢) > 0, i.e., (K1) is violated, iff

16



¢ < 1.

Furthermore, recall that ¢y < A <= ¢ < u,. At ¢ = u,, we have

<A1¢1 + By — (r—clag

m ) — (AN + By — (r—c¢)ar) = (ag —ap)(bp — by)

which is negative when 5 > 1/2. Thus, (K1) holds and k1(¢) < 0 at ¢ = u,. It follows that

ggl < Uy, and therefore ¢ < ngl implies ¢ < u, and hence 11 < .
Consequently, if gl_ol(/;:) < ¢ < ¢1, then ¢y < A and (K1) does not hold, and so partial

information disclosure with (D) is optimal; if b1 < ¢ < 1— B, full information is optimal.

If € [1 —p,0], then t; > 0 and ¢y < 1. In this case, it is easy to see that regardless of k, the
upper concave envelope must be a linear line connecting (0, (r — ¢)ar) and (1, Ay + Bn), as

this linear line is above Ajv + By for any v. Hence, full information disclosure is optimal.

If ¢ € (ﬁ,g;ll(l;:)), then ¢ty > 1 and ¢; > 0. Two subcases can emerge.

— If AIWJFB;;(T_C)‘LL < Ay + By —(r—c)ar, we reach Case (iii-a) in which full information

is optimal;

—if AWQJFB&;(T_C)QL > An + Bn — (r —¢)ar, we reach Case (iii-b) and partial information

disclosure is optimal with (E) if A < 9 or with (D’) if A > s.
We analyze whether condition

Appy + Br — (r —¢)

” arL <Ay + By — (r—c)ag, (K2)
2

holds as ¢ increases from 3 to 92_11(12:). By the definitions of 99 and By, we have Ao+ By =
Anto + By +k and By — (r —c)ar, = (ag — ar)(r(1 —yoo)(1 — ) — ¢). Moreover, note that

Py = Z’;((ig where both h,(¢) and hy(¢) are linear increasing functions and positive within

the relevant parameter range (0 < 1y < 1). Substituting Ayis + By = Ants + By + k and

By — (r—c¢)ar, = (ag —ar)(r(1 — yoo)(1 — B) — ¢), multiplying both sides by _fnlé) - and

r(ag—ar)

rearranging the terms, we have

(K2) holds <= ka(¢) <0
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where

k2(9) = (ha(9) — ha(8)) (1 — yoo) (1 — B) — @) + kha(e).

By the definition of 13, hq(¢) — hyp () is a linear function of ¢ with coefficient —(1 —y11) < 0.
Therefore, k2(¢) is a quadratic convex function. With the equivalency of (K2) and ro(¢) < 0,

we examine the sign of k2(¢) by evaluating whether (K2) holds at two limiting points.

— As ¢ — g5t (k), Y2 — 1, and (K2) reduces to A;+ By < Ay + By. However, in Case (3),
to > 1, which implies that A; + Br > Ax + By. Thus, (K2) is violated and ka(¢) > 0
as ¢ — gor (k).

— As ¢ — [, to — 1such that Ay+By — Ar+By. As aresult, the RHS of (K2) approaches
Ar+ Br— (r—c)ar. On the other hand, the LHS of (K2) equals A;+ W. Notice
that Ajty + By = (r — ¢)ar, and so By — (r — ¢)ap, = —Ajt;. For Case (3), t1 > 0 and so
Br — (r — ¢)ar, < 0. Consequently, since ¥2 < 1, the LHS is smaller than the RHS, that
is, (K2) strictly holds and k2(¢) < 0 as ¢ — S.

Therefore, ko(¢) < 0 as ¢ — [ and ka(¢) > 0 as ¢ — 92_11(1%). By convexity, ka2(¢) can
change its sign from negative to positive at most once. Thus, there exists a unique threshold
by € (5,92_11(12:)) such that ky(¢) < 0 and (K2) holds iff ¢ < ¢o. Furthermore, recall that
A< Yy <= ¢ >1, At ¢ =I,, we have

<A17J12 + Br — (r —c)ag,

Vo ) — (AN + By — (r—c¢)ar) = (ag — ar)(by, — b

which is negative when 5 > 1/2. Thus, at ¢ = [,,, (K2) holds and k2(¢) < 0. It follows that
l, < d2 and so ¢ > ¢ implies ¢ > I, and A < 1hs.

Therefore, if 8 < ¢ < ¢, (K2) holds and full information is optimal; if b < ¢ < g;ll(l%),
then (K2) does not hold and A < 19, implying that partial information disclosure with (E) is

optimal.

Combining the three cases completes the proof of Proposition 2(iii).

For Case (iii) with § < 1/2 For the case of 5 < 1/2, the value of ¢ can fall into three intervals,
(910 (k). 8], (8,1 = B), and [1— B, g3y (K)).

(1) If ¢ € (gig (k), 8], then tp < 1 and #; < 0. Two subcases could emerge.
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- If AWHB{J(PC)% < Anx + By — (r — ¢)ay, i.e., (K1) defined earlier holds, it leads to

Case (iii-c) in which full information is optimal;

— if AwﬁBi}:(T_c)aL > Ay + By — (r —¢)ar, i.e., (K1) does not hold, we have Case (iii-d)

in which partial information is optimal with (E’) if A <1 or with (D) if A > 4.

In the earlier analysis, we have established (K1) holds iff k1 (¢) < 0 where k1(¢) is a quadratic
convex function. Consider the sign of k1(¢) at three points: ¢ = gfol(l;:), Band 1 — 3. We
have shown that x1(¢) > 0 as ¢ — gfol(l;:), and k1(¢) < 0 at ¢ = 1 — 5. Now consider
¢ = [, in which case t) = 1 and so A;+ By = Ay + By. Thus, (K1) reduces to W <
Br — (r—c¢)ar. Given t; < 0 in the current case, we have By — (r —c)ar, > 0 (as Ajt1 + By =
(r —c¢)ag). For 0 < 11 < 1, it follows that (K1) does not hold and equivalently x1(¢) > 0
at ¢ = . By convexity, k1(¢) can change its sign from positive to negative at most once.
Given gl_ol(fc) < B < 1-— 3, it follows that for any ¢ € (gl_ol(l%),ﬁ], k1(¢) > 0, ie., (K1)
is violated. So, partial information disclosure is optimal as described in the second subcase,
whereas the first subcase cannot emerge. Unlike the case of § > 1/2, here we cannot rule out
the possibility of A < 41 or A > ¢1. By 1 <\ <= ¢ < u,, (D) is optimal if ¢ < u,, and
(E’) is optimal if ¢ > u,.

If 6 <¢<1—p,thent; <O0andty> 1. We have Case (ili-e) where the optimal information
structure is (E’) if A <1 <= ¢ > up, (D&E) if 1 < A <9 <= [, < ¢ < uy, or (D) if

A> g = ¢ <l,.
If8<1—-p5<¢,then ty > 1 and t; > 0, and we have two possible subcases:

— if AIWJFB:LQ_(T_C)GL < Ay + By — (r—c¢)ag, i.e., (K2) defined earlier holds, we have Case

(iii-a) in which full information is optimal;

— if AIWJFBII/);(T*C)&L > An+ By — (r—c)ag, i.e., (K2) does not hold, we reach Case (iii-b)
where partial information is optimal with (E) if A < ¢y <= ¢ > [, or with (D’) if

A> g = P <l,.

The preceding analysis has shown that (K2) holds iff k2(¢) < 0 where k2 is a quadratic convex
function. Consider the sign of ka(¢) at three points: ¢ = 3,1 — 3 and g;ll(l%). We have shown
that ka(¢) < 0 at ¢ =  and ka2(¢p) > 0 as ¢ — 92_11(]2:). Now consider ¢ = 1 — /3, in which
t1 = 0 and so By = (r — ¢)ar,. Consequently, (K2) can be reduced to Ay < Ay + By — By.
Because A; + By > Ay + By when tg > 1, (K2) is violated and equivalently xa(¢) > 0 at
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¢ = 1 — (. By convexity, k2(¢) can change its sign from negative to positive at most once
as ¢ increases. Given 8 <1 —f < 92_11(1%) and that ka(¢) is negative, positive and positive
at ¢ = 3,1 — 3 and g;ll(/%), respectively, we can conclude that for any ¢ € [1 — ﬂ,gil(l;:)),
k2(¢) > 0 and thus (K2) does not hold. Therefore, partial information is optimal as described

in the second subcase, whereas the first subcase never emerges.

Combining the optimality conditions for each messaging policy completes the proof of Proposition

E.1(iii). 0

B.5 Proof of Proposition 3

Proof. First, note that in the parameter region of Proposition 2, the threshold wug is decreasing in
b, whereas the threshold [; is increasing in b,,.
(i) Given some fixed ¢ < wp, full disclosure is optimal with n*(1|1) = 1. As by, increases, ug

becomes smaller, and the optimal policy changes to (D) when ¢ > uy.

Under policy (D), n*(1|1) = i‘:zii %, which is decreasing in 1. Differentiating 11 with respect
to by, we observe that gb% > 0 iff k — A(b, — ¢) < 0. On the other hand, (D) is optimal only when
P <A = o< b, — /;://\ It follows that 11 increases with b, within the region where (D) is
optimal. Thus, n*(1]1) is decreasing in b,, under policy (D).

As established in the proof of Proposition 2, the threshold ¢31 < 1—p, whereas 1 — 3 is decreasing
in b,, and approaches zero when b,, becomes sufficiently close to one. This observation together
with Proposition 2(iii) implies that, as by, continues to increase, the optimal policy will shift from
(D) to (F), at which point n*(1]|1) jumps to one.

(ii) Given some fixed ¢ > Iy, l; becomes larger as by, increases. The optimal policy will change
from (F) to (E) as l; exceeds ¢.

Under Policy (E), *(0]0) = (1 - ﬁ) -1, which is increasing in 1. Observe that % <0 iff
k—(¢(1 = X) = X(1 —bg)) < 0. On the other hand, (E) is optimal only when A < ¢y <= ¢ >
w. It follows that 5 is decreasing in b, and so is n*(0|0) under policy (E).

As established in the proof of Proposition 2, the threshold (%2 > [, whereas (8 is increasing
in b, and approaches to one when b,, is sufficiently close to one. This observation together with
Proposition 2(iii) implies that, as b, continues to increase, the optimal policy will shift from (E) to

(F), at which point n*(0|0) jumps to one.
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B.6 Proof of Proposition 4

See Appendix D.

B.7 Proof of Proposition 5

See Appendix F.

C Value of Optimal Disclosure Policies
In this appendix, we present numerical results demonstrating that partial disclosure of machine
information can yield greater profit improvement than deploying a full-disclosure machine.
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Figure C.1: Profit improvements relative to no machine [Parameter values: A = 0.5, ag = 20,
ar, = 10, r = 10, by, = 0.75 with b,, and ¢ varied according to 8 and ¢ given in the graph)|

Figure C.1 presents a numerical study comparing the improvements in profit, relative to the
no-information case, achieved by a full-information disclosure machine and an optimally designed
partial-disclosure machine. The gap between the “Full Info” and “Opt Info” curves indicates the

additional value partial disclosure brings compared to full disclosure.’® When partial disclosure

19The improvements by a full-information machine over the no-machine case is non-monotonic in k for the following
reason. When £ is small enough, the manager exerts effort both without a machine and under some message realization
with a machine. When £ is large enough, the manager exerts no effort, whether there is a machine or not. However,
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is optimal, it leads to a significant improvement. For example, when 8 = 0.55, ¢ = 0.3 and
k € [7,11], implementing a full-information machine improves the expected monetary profit by
approximately 5.2%. By partially revealing information, the optimally designed machine can boost
the improvements to 8 — 9%. The improvements are more significant for ¢ = 0.7 because for a
low-margin product, information has a greater impact on whether one should order ay (target the
high market state) or not. The improvement of partial over full information becomes less significant

as 3 increases, that is, as the machine forecast becomes more accurate.
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Figure C.2: Profit improvements relative to no machine |Parameter values: A = 0.5, ag = 20,
ar, = 10, r = 10, by, = 0.9 with b, and ¢ varied according to § and ¢ given in the graph]|

Figure C.2 presents an other set of results when b, < b,. Again we see that partial disclosure
policies, when optimal, can significantly enhance the improvement as compared to full disclosure.
When the machine is less accurate than the human (b,, < by), there can be instances (e.g., when
B = 0.4 and k € [8,10]) where providing full information is worse than the no-machine case because
full disclosure dampens human effort. Yet, optimally garbling the machine prediction can overcome

this effort-dampening pitfall, thereby enabling the firm to complement human prediction effort and

when k is in the middle range between these two cases, the optimal effort choices are indeterminate. The manager may
exert effort under some machine message but chooses no effort without a machine, thus leading to larger improvements
(as seen in the upward jump for 8 = 0.55 and 0.6), or may never exert effort with a machine but exerts effort without
one, leading to smaller improvements (as seen in the downward jump at k = 2 for § = 0.65).
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achieve a positive improvement.

D Optimized Compensation

In the base model, we assume that the firm follows a performance-based compensation scheme
t(m) = wp + wpm where wp denotes the base salary, and wp is a commission rate offered to the
manager. Given any fixed compensation parameters {wp,wp}, the manager chooses an effort level
and order quantity to maximize wp+wpE[r]—rKe, where we use k to represent the manager’s original
effort cost before being scaled relative to wp. Equivalently, the manager maximizes E[r| — %e.
Thus, all our results follow by defining a normalized effort cost k = xk/wp. Our main findings indicate
that, without altering the existing compensation scheme, the firm may be better off obfuscating
machine predictions so as to incentivize managerial effort. Alternatively, the firm may optimize the
compensation parameters {wp, wp} to address the incentive issue caused by the machine prediction
while providing a full-information machine. Which approach would be better for the firm?

To set a basis for comparison, we consider a status quo in which no prediction machine is avail-
able. The firm chooses the optimal compensation parameters, denoted by {wg , wg }, to incentivize
the manager to exert effort (with no machine information). We regard {w¥,wl} as the existing
contract that is optimized for the no-machine setting. Then, assuming that a prediction machine
becomes available, the firm may (1) retain the existing contract while optimally disclosing the ma-
chine information as characterized in our base model, or (2) deploy a full-information machine but
re-optimize the compensation parameters with consideration of the manager’s effort choice in re-
sponse to machine predictions. We refer to the former strategy as the information design approach
and the latter as the optimal contracting approach. In this appendix, we aim to compare the firm’s

expected payoffs under these two different approaches.

D.1 Optimal Compensation with No Machine

We first derive the contract parameters that are optimal for the no-machine case. Consider the same
setting as in our base model. Given any posterior belief u regarding the probability of § = H, the

manager effectively chooses between two order sizes ay and ay. Consequently, the realized profit
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takes one of the three outcomes:

mo:=rar —cag ifQ=ag,0=1L
T=4q w:=(r—-cag ifQ=ap,0 =Lor H (D.1)

g :=r—clag fQ=ay,0=H

where 7o, m, and 7wy represent the realized profits when overstocking, stock and sell ay, units, and
stock and sell ay units, respectively. In line of many retail settings, we assume that actual demand
can be censored, that is, when the manager believes the demand likely to be low and orders ar,
units, the firm will only observe ay, units of sales without ascertaining whether the actual demand
is low or high.?° Given any posterior belief i, under any compensation scheme, the manager orders
ar, units iff 7, > o + p(mg — 7o), or equivalently, u < ¢. Thus, the resulting profit can be written

as

max{my, 7o + p(ryg — 7o)}

Moreover, the manager’s ordering decision is consistent with the profit-maximizing quantity as in
Lemma 1. Therefore, it suffices to consider the incentive compatibility (IC) constraint that induces
effort.

Recall that Pr(X; = 1) = A and, without machine information, the posterior y conditional on

A(ll:ih), respectively. With these probability expressions, any

sp =1 and s, = 0 is given by b, and
effort-inducing contract must satisfy the following incentive-compatible (IC) constraint:

AL —bn)

I ES A

Mwp +wp max{rr, 7o + bp(mg —70)}) + (1 — A\)(wp + wp max{np, 7o +
>wp +wpmax{nr, 7o + ANrg —70)}

(D.2)

Note that inducing effort brings value only if the human’s prediction is accurate enough to

influence the order quantity decision. Specifically, we focus on the parameter range that satisfies

the assumption below.

Assumption 3. (Inducing Human Effort Is Valuable) @ < ¢ < by,

1

Instead, if ¢ < % or ¢ > by, the optimal order quantity will be independent of X}, and thus

there is no value in obtaining a human prediction.

20Consequently, incentive payments contingent on forecast errors may not be implementable since the high demand
state is not necessarily verifiable. This further justifies our focus on compensation schemes contingent on realized
profits.
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In practice, firms are typically required to ensure a minimum salary, regardless of realized profits.
The minimum salary requirement can be modeled as a limited liability (LL) constraint such that
the compensation payment ¢(7) > t for all realization of 7, where ¢ > 0 represents the minimum
salary level determined by labor regulations or commonly accepted market standards. As such, the

firm’s choice of {wp,wp} must satisfy a LL constraint written as
wp +wpmo > t. (D.3)

We normalize the expected value of the manager’s outside option to zero, and so the manager’s
participation is guaranteed by (D.2) and (D.3).
By choosing wp and wp subject to (D.2) and (D.3), the firm maximize the expected payoff

(1 —wp)E[n] —wp (D.4)
where E[r] is equal to the expected profit when the manager exerts effort to learn X}, and chooses
the profit-maximizing order quantity accordingly.

Proposition D.1. With no prediction machine, the optimal compensation {wg,wg} that induces

managerial effort is characterized below.

(i) If ¢ < A, then wd =

T(aH—aL)((lfA)¢—A(1—bh)) and wg =t— wgwo, and the manager obtains

an expected payoff UN =t + wi¥ A7y — m0).
(i) If ¢ > X, then wh = m and wy =t — w7, and the manager obtains an

expected payoff UN =t + wi (7, — 70).

Moreover, there exists an interval (¢, &) such that, for all ¢ € (¢, (E), if the firm retains the optimal

compensation scheme {wg, wg} and deploys a full-information machine, the manager will not exert

A2=bm—bp+bpA—A) T 1=bpt+bpA
T bp A b A2 and ¢ = D S ——

effort, regardless of the realized machine signals, where ¢ =

In both cases, wg is increasing in the manager’s effort cost k, indicating that a higher monetary
reward is required as effort becomes more costly. Meanwhile, the base salary term wg is set to satisfy
the minimum salary requirement. As is standard in moral hazard settings with a LL constraint, the

manager (agent) obtains more rent whereas the firm (principal) incurs a greater agency cost, as the

effort cost x increases.
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Notably, we establish that if the firm deploys a full-information machine while retaining the
contract (wg ,wg ) that was optimized prior to the machine introduction, there always exist a
moderate range of ¢ (or profit margins) for which the manager will not exert effort. This result
indicate that, although our base model analysis is conducted for given contract terms, the core

incentive issue persists even when the contract had been optimally designed before the machine was

deployed.

Proof of Proposition D.1. It is easy to see that wp cancels out in the IC constraint. Thus, in
the optimal solution, the firm will always set wg =t — wpm such that the LL constraint is binding.
Consequently, the firm’s payoff reduces to E[r] — t — wp(E[r] — 7). Clearly, the optimal w¥ is
given by the smallest wp that satisfies the IC constraint, which is determined according to each of

the two cases below.

(i) For ¢ <A, the IC constraint reduces to > < (1 —A)(mL —m0) — A(1 = bp) (7 — m0). By the
expressions of each profit outcomes, the smallest wp is as given in part (i) of the proposition.
Because under the optimal compensation the IC constraint is binding, the manager’s expected

payoff is given by UN =t + w7y — 70)

(ii) For ¢ > A, the IC constraint reduces to > < A[bp(7 — 7o) +mo —mr]. By the expressions of
each profit outcomes, the smallest wp is as given in part (ii) of the proposition. Since under
the optimal compensation the IC constraint is binding, the manager’s expected payoff is given

by UN =t + wl (7, — 70).

Note that, for any given wp > 0, by setting k = ﬁ in the base model, according to Proposition

1 and Figure 1, one can determine if the manager exerts effort with a full-information machine.
Graphically, the optimal compensation is such that k& = x/ wg lies on the boundary of the dashed
triangular area in Figure 1, thus incentivizing managerial effort with the smallest wp. Algebraically,
at k = /ﬁ/wg, we always have ¢ = [, for ¢ < A, and ¢ = u, for ¢ > A\. By Proposition 1, the
manager never exerts effort with a full-information machine if ug < ¢ < l3. These observations

together imply that if ¢ is between ¢ and ¢ where ¢ is determined by the intersection of thresholds

N2—bp—bj+bp A—A)
T—bp A—bm A+ A2

7 1=bp+bp
and ¢ = P v ey 0

ug and [,,, and ¢ is determined by the intersection of u, and ;. Specifically, ¢ =
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D.2 Optimal Compensation with a Full-Information Machine

Suppose now that the firm deploys a full-information machine that fully discloses X,,, and that it
can costlessly adjust the existing compensation terms to its advantage.

As in the previous subsection, for any posterior u, the manager’s ordering decision is consistent
with the profit-maximizing quantity as in Lemma 1. Therefore, it suffices to consider the incentive
compatibility (IC) constraint that induces effort. Since we focus on full disclosure, let us write the
posterior as (1(X,,, X;,) if managerial effort is exerted and as j1(X,,, #) otherwise.?! Define U(X,,, €)

as the manager’s payoff given X, and e. Under any compensation scheme, we have
U(Xm,0) =wp +wpmax{nr, 7o + u(Xm,0)(rg — 7o)}

and

U(Xm,1) = wp +wpEx, |x,, [max{nr, 70 + p(Xm, Xp)(7y — 70)}] — k.

To induce effort e*(X,,,) = 1, for a given realization of X,,, the IC constraint is written as
U(Xm,1) > U(Xom,0) (D.5)

Similar to the information design approach, depending on the value of ¢ = ¢/r, the firm may induce
e*(X,,) = 1 by imposing the above IC constraint for one of the realizations of X,,.

Additionally, like the no-machine benchmark, to meet the minimum wage requirement, the LL
constraint wg+wpmo > tis imposed. By choosing wp and wp subject to the IC and LL constraints,

the firm maximize its expected payoff
(1 — wp)E[ﬂ'] —wp (D.6>

where E[r] is the expected newsvendor profit when the manager acquires signal s;, and chooses the
optimal order quantity optimally based on each signal realization.
We focus on the case of 8 > %, and examine two relevant parameter regimes under which

the partial disclosure policies (D) and (E) are optimal under the information design approach. For

21To recap the expressions of different posteriors, given X,, = 1, u(1,0) = Pr(9 = H|X,, = 1) = by, and given
Xm =0, u(0,0) = Pr(0u|Xm =0) = % Conditional on X,,, =1, X; = 1 with probability z(1) = by + br — 1;
Conditional on X, = 0, X, = 1 with probability 2(0) = 125 (2 — bm — bs). Given any realization of (X, X»), the

posterior belief in § = H is given by u(1,1) =1, u(1,0) = 2_1b;f’ﬁbh, #(0,1) = 32~ and 1(0,0) = 0.
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simplicity, we refer to these regimes as regime (D) and (E), respectively. As presented in Proposition
D.2, the optimal compensation parameters with a full-information machine, denoted by {wg , wg 1,

are derived in closed form for each regime.

Proposition D.2. (i) In regime (D), the optimal compensation scheme is given by

F_ k(1 —=X)
P = Nrlar — an) (1= bm) — (2 — by — b)) (D.7)

and wg =t— wg(raL —ca).

(ii) In regime (E), the optimal compensation scheme is given by

F _ K
P = ar —an) (2~ b — )6 — (1~ bp)) (D)

and wg =t— wg(mL —cap).

(iii) Moreover, in both regimes, wh > w¥.

A key observation is that, to induce effort with a full-information machine, the firm must raise the
commission rate above the existing term wg that was designed for the no-machine setting. This

necessitates a higher agency cost under the optimal contracting approach.

Proof of Proposition D.2. (i) When (D) Is Optimal — ¢ <1-j

For any realized (X,,, Xp), we have p(1,1) = 1, u(1,0) = 8, u(0,1) =1 — 3, and p(0,0) = 0.
Accordingly, the optimal order quantities are @*(1,1) = Q*(1,0) = @*(0,1) = ay and Q*(0,0) =
ar,. As under regime (D), it is desirable to induce effort e*(X,,) = 1 iff X,,, = 0. (There is no value
to acquiring X}, given X,,, = 1 because Q*(1, X) = ay for all X}.)

Under these desired actions of the manager, the expected profit is given by
Teontract = (P11 + P10) (70 + (1, 0) (7 — 70)) + po1 (o + p(0,1) (7 — 70)) + pooe-
The firm chooses wg,wp > 0 to maximize the following objective:

VD (1 — wp)ﬂ'D

contract — contract

— wpg. (D.9>
To induce effort e*(X,,) =1 for X,,, =0, the IC condition (D.5) reduces to

2(0) (ro + (1 = B) (g — m0)) + (1 — 2(0))7r, — wip > max {7y, 70 + 1(0,0)(7g — 7o)} . (D.10)
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Proposition 2 implies that (0, ) < ¢ when policy (D) is optimal, and so max {7z, 7o + w(0,0)(7g — 7o)} =
-
Clearly, it is optimal for the firm to reduce wp and wp such that (D.10) and the LL constraint,

wp + wpmo > t, are binding, resulting to the optimal compensation

F_ k(1 —=M\)
P = Nam — az) (L= bm)r — (2= bm — b)) (D.11)

and

wh =t —wh(ray, — cap). (D.12)

(ii) When (E) Is Optimal — £ > 3

In this case, the optimal order quantities are Q*(1,1) = ag and Q*(1,0) = Q*(0,1) = Q*(0,0) =
ar. It is desirable to induce effort e*(X,,) = 1 iff X,,, = 1. (There is no value to inducing effort
given X,,, = 0, because Q*(0, X,) = ar, for all X;,.) Under these desired actions of the manager,

the expected profit is equal to

ngtract =puTH+ (plO + po1 +P00)7FL-

The IC constraint (D.5) reduces to
(Vg + (1 — 2(1))mr, — wi > max {77, 70 + (1, 0) (1 — 70)} (D.13)
P

Proposition2 implies that p(1,0) > ¢ when policy (E) is optimal, and so max {7, 7o + u(1,0)(7g — 70)} =
o + u(1,0)(mg — o). The optimal compensation is thus given by setting wp and wp such that

the above IC constraint and the LL constraint are binding:

(ag —ap)((2 = by — bp)e— (1 = by)r)

wh = (D.14)
and

wh =t —wh(ray, — cap). (D.15)

(iii) Comparing wk and wq. Notice that, by Proposition D.1, w¥ is decreasing in ¢ < A

and increasing in ¢ > A\ (and continuous at ¢ = \).

In regime (D), wk is increasing in ¢, and within regime (D), we necessarily have ¢ < ¢ where
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¢ is given in Proposition D.1. Consequently, for ¢ < A, wle — wg increases with ¢. Note that at

¢ =0, wf.f = wg. Thus, for all ¢ € (¢, A), wg > wg. For ¢ > A, it is straightforward to verify that

K _ K =_A ()\(1_bh)+(bm+bh—1—)\)(1—gb)) < 0 and hence wh > w¥.

rlag—ar)wh  rlag—ap)wl Y

In regime (E), wk is decreasing in ¢, and we necessarily have ¢ < ¢ where ¢ is given in
Proposition D.1. For ¢ € [\, ¢), wﬁ—wﬁ decreases with ¢ and wf.; = wﬁ at ¢ = ¢; hence, wg > wg.

For ¢ < A, it is easy to verify that ——* - - =—(1-XN)(1=bp)— (b +bp,—1-X)p <0

(ag—ap)wh  rlap—ap)wh

. F N
and so wp > wp.

D.3 Information Design vs Optimal Contracting

Let 7, f0 and Teontract Tepresent the expected total profit under the information design and optimal
contracting approaches, respectively. Denote by V;;, r, and Veontract the corresponding payoffs of the

firm. It follows that

Veontract = (1 - wjlg)(ﬂ—contract - 7TO) + 7o —1t

and

Vinfo = (1 — wg)(ﬂinfo — 7o) + 7o —t.

On the one hand, the optimal contracting approach yields higher expected monetary profit, i.e.,
Teontract > Tinfo, Decause the manager exerts desired effort under full machine information. On the
other hand, as shown earlier, wg > wg , that is, the optimal contracting approach renders a higher
commission rate. As a consequence, the comparison between Veontract and Vi, g, is nontrivial. As-
suming equal priors, we can analytically establish that the information design approach outperforms
the optimal contract approach when the effort cost & is large. As such, when augmenting the man-
ager with a prediction machine, the firm may be better optimally obfuscating machine information
without altering the existing compensation terms, than fully disclosing machine information while

re-optimizing the compensation terms.
Proposition D.3. Assume the prior A = % Vinfo > Veontract if £ exceeds a threshold k.

Proof of Proposition D.3. In the proof, we use subscript “contract” and “info” and superscript
i € {D, E} to indicate the total profit and the firm’s payoff under each approach and under each
policy regime 3.

Regime D. First, we consider the regime where policy (D) is optimal for the information design
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approach. The existing (no-machine) contract parameter w¥ is given by case (i) of Proposition D.1.
From the concavification approach of our analysis, the expected profit under information disclosure

policy (D) can be written as

1-\ A=y
D
. A + Br) +

(An + Bn)

where Ay, By, Ay and By are as defined in (B.2), (B.3), (B.5) and (B.6). Substituting w and

D

info yields the expression of VD

U info

Given full machine information and the optimal contract to induce effort e*(0) = 1, the resulting

expected monetary profit is given by

7L iract = (P11 + 10) (M0 + (1, 0) (7 — 70)) + o1 (7o + p(0, 1) (7H — T0)) + PooTL-

D iract and wB derived in Proposition D.2 yields the expression of V.2 . ..

Substituting

Observe that Vigf o — VD raet 18 a linear function of k. Then, it suffices to show that Viff o™
VD ract 1S increasing in .

Given A = 1/2, we have

a(‘/;gfo - ch?ntract) _ N1(¢)N2<¢)
Ok 2D1(¢)D2(¢)D3(¢)
where
Ni(¢) =3 = by — 2by + (= 5+ 2(b, + b)) &,
and

Di(¢) = —1+bp+¢, Da(¢) =1=bn—(2=by—=bm)¢, Ds(¢) = (—142bm)(—1+¢)+bn(—1+29).

With A = 1/2, over the parameter regime D, we necessarily have ¢ < ¢ < ¢y, where

by, + 2by, — 3 1—by,

L= ¢ ¢U:1—5:m

= <
2(bh + bm) -5’

1
5
where ¢, comes from the lower bound ¢ per Proposition D.1 at A = 1/2, and ¢y equals 1 — 3 which

is necessary for (D) to be optimal. Additionally, it is useful to recall that under Assumption 3 and
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/\:%71—bh<¢<bh.

141 a ‘/igfoivcg'ntract)
Under the above conditions, we prove T > 0.

e For denominators, clearly, D1 > 0 and Dy > 0 since 1 — by, < ¢ and ¢ < 1 — 5. Moreover,
Ds(¢) is linearly increasing in ¢. Thus, D3(¢) < D3(¢y) = 2 — by — 237(;}%;;3” < 0 (since

1-by 1 1 . . .
5,5 > 7 and by > 5). The denominator is negative.

e For the numerators, note that Ni(¢) is decreasing in ¢ since 2(b,, + by) — 5 < 0. It follows
that Ni(¢) < Ni(¢r) = 0. To evaluate the sign of Na, note that Ny is decreasing in by,
because gT]\:j = —b(2—¢) —¢(3—5¢) < 0as ¢ < 5. Thus, No < Ny := Naly, =, =
262 (¢ — 1) + bp(¢(10¢ — 7) + 1) + ¢(6 — 7¢p) — 1. Further differentiating N yields

ON.
W2 = 4bp(p— 1)+ ¢(10¢ —T) +1 < =3+ ¢ + 60> < 0
h

where the first inequality follows as b, > 1 —¢ (by Assumption 3) and the second follows since
P < % Consequently, N is decreasing in by, and therefore Ny < Nalp, =14 = —2(1 — 2¢)(1 —
2¢%) < 0. Hence, Ny < 0.

Taken together, Di,Dy > 0, D3 < 0, and N;,Ny < 0, and so VP, — VP

info contract 18 linearly

> VD is k is sufficiently large.

. S D
increasing in k and V, contract

info
Regime E. Now we focus on the case where policy (E) is optimal for the information design

approach. The existing (no-machine) contract parameter w¥ is given by case (ii) of Proposition

D.1. From the concavification approach of our analysis, the expected profit under policy (E) can
be written as
E hy — A

A
Tinfo = 7 7TL+%(AI¢2+BI)'

Substituting wg and 7751 fo yields the expression of Vlg for

Given full machine information and the optimal contract to induce effort e*(1) = 1, the resulting

expected monetary profit is given by

7Tchntract =purg+ (pIO + po1 +p00)7rL~

E

L iract and wE derived in Proposition D.2 yields the expression of V.2

contract*
_VE

contract

Substituting 7

Similar to the proof for regime D, since V¥

info is linear in k, it suffices to show that
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Viffo — VE . ue is increasing in k. Following an analogous approach, we first obtain

a(v;gfo - ‘/cgntract) o N1N2
85 - 2D1D2D3

where Dy =bp, — ¢, Do =1 —bp, — (2 — by, — byy)p, D3 = b, + ¢ — 2(bp, + b)), and
Ny =2—bp+ (=5+2(bn +bm))o
and
Ny =2 = 2b + bp(=1 = b+ byn) + (= T4 5byn + bu(2+ by + b)) 6+ (5 = by — b )™,

With A = 1/2, over the parameter regime E, we have ¢, < ¢ < ¢y where

1—0b,

pr=F=5—"—"7"2

1 2 —by
2 — by, — by, 2’

ou = 5 2b, — 20y,

where ¢, is necessary for (E) to be optimal and ¢y is derived from the upper bound ¢ per Proposition

D.1 at A = 1/2. Additionally, recall that under Assumption 3 and A = %, 1—bp < ¢ < by. Provided
(Vin ro=Veo )

info  Ycontract

e . 0
these conditions, we now evaluate the sign of o

e For denominators, clearly, D; > 0, Dy < 0. Because D3 is decreasing in ¢, D3 < Ds| b1 =
2

3= b <0.

e For numerators, because N; is decreasing in ¢, N1 > Ni|g=¢, = 0. To determine the sign
of Ny, observe that gT]\Z = —2+5¢ — ¢? + bp(1 + ¢) > 6¢ — 2 > 0 where the inequalities
follow since by, > ¢ by Assumption 3 and ¢ > % Thus, No > Ny = Naolp,,=p, = 2b,%gz§ +
by, (—2(152 + 79 — 3) + 5¢% — 7¢ + 2. Further differentiating N, leads to

ON,

= (4bp +T)p — 26> =3 > 20> + T —3 >0
by,

where the first inequality holds as b, > ¢ and the second holds since ¢ > % It follows that
N, is increasing in by, and Ny > Nolp, —¢ = 2(2¢ — 1)(3¢ — 1) > 0. Consequently, Ny > 0.

1

Altogether, Dy > 0, D2, D3 < 0 and Ny, No > 0 imply that foo—chntmct is linearly increasing

in x, and thus V£, >VE for a sufficiently large k. O

info contract
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E The Case of b,, < b;,: Machine Inferior to Human

The following lemma characterizes the optimal effort as a function of the posterior v, which gener-

alizes Lemma 2 in the main paper.

Lemma E.1. For any given posterior belief v = Pr(X,, = 1|sy,), the manager’s optimal prediction
effort e*(v) can be characterized as follows.

If k> K, then e*(v) = 0 for all v. “Case (N)”

Ifk < K, then e*(v) =1 for allv. “Case (A)”

Otherwise, the optimal effort is posterior-dependent. There exists two thresholds 11 < g such

that e*(v) is given by one of the following three cases:
(i) for ¢ < min(ug,li), e*(v) =1 iff v < 1ho;
(ii) for ¢ > max(ug,l1), e*(v) =1 iff v > ;

(iii) forug < ¢ <ly, e*(v) =1 iff 1 < v < 1hs.

Moreover, for each i = 1,2, provided 0 < 1p; < 1, 1); is increasing in ¢.

Case (N)
le(w=0vyv
Case (iii)
e*(v) =1iff
P v<sy,
Case (i) Case (ii)

e*(v) =1iff e*(v) = 1iff
v<1, v =Y,
,,,,,,,,,, A\ NS

¢ Case(A)

e'(v)=1Vvv

Figure E.1: Structure of the optimal effort e*(v) for different combinations of k£ and ¢ (Parameter
values: A = 0.5, ag = 20, ar, = 10, r = 10)

As illustrated by Figure E.1, the structure of e*(v) is more involved than the case of b,, > by.
Specifically, the two triangular regions where the manager exerts effort for v < ¢9 and v > 1)1 can
overlap when b,,, < by,. This gives rise to a new region, Case (A), within which the manager always

exert effort for any v in[0,1]. In other words, in Case (A), the manager exert effort, regardless of
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the messaging policy or the realized message. This happens when the effort cost k < K. Together
with the fact that the manager never exerts effort if k > K, full disclosure is trivially optimal if
k<Kork>K , since in these cases the machine prediction does influence the manager’s effort.
Focusing on the parameter range of K < k<K , we fully characterize the optimal messaging
policy in Proposition E.1 below, where the closed-form expressions of n* for different policies are

given in the main paper.

Proposition E.1. Suppose that b,, < b, and K < k < K. The optimal information disclosure

policies are characterized as follows.

(i) Case of ¢ < min(ug,ly): If ¢ < S, full information disclosure (F) is optimal; if ¢ > [3, partial
information disclosure is optimal with n* given by (D’) if A > o <= ¢ < ), and by (E)
ifA<ia(<= ¢>1,).

(ii) Case of ¢ > max(ug,l1): If ¢ > 1— 3, full information disclosure (F) if optimal; if ¢ < 1— 3,
partial information disclosure is optimal with n* given by (E’) if A < 1( <= ¢ > u,), and
by (D) if A > Y1( <= ¢ < uy).

(iii) Case of ug < ¢ < ly: Partial information disclosure is optimal with the cases and optimal

policies defined in Table 2

Conditions Optimal n*
p<p AZ> Y (= ¢ <up) (D)
A< (= 0> uy) (E)
B<o<1=B A>¢n (= ¢<ln) (D7)
V1 <A< (= 1, <P <uy) (D&E)
A< (= ¢ >uy) (E")
1-8<9¢ AZ> s (= ¢ <) (D)
A<tp (= ¢>1n) (E)

Table 2: Optimal n* under case (iii) of Proposition E.1

Proposition E.1 is illustrated and discussed by Figure 8 and the accompanying discussions in the
main paper. We note that in the numerical example of Figure 8, policies (E) and (D) can emerge
as optimal within cases (i) and (ii) of Proposition E.1, respectively. It is possible that (D’) and (E’)

are optimal instead, especially when the prior A is not equal to 0.5.
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F Analysis of General State-Dependent Demand Distributions

More generally, we can assume that, under each market state § € {H,L}, demand dy follows
a distribution function Fy, where Fp is first-order stochastically larger than Fj. For any given
posterior belief p about § = H, let 7*(u) denote the expected profit under the optimal solution.
That is,

T (p) = max rE[pmin(dy, @) + (1 — p) min(dr, Q)] — Q. (F.1)

The following lemma will be useful later in characterizing the solution structure.
Lemma F.1. 7*(u) is increasing and convex in p.

Proof of Lemma F.1. Let 7(u, Q) represent the expected profit given u = Pr(0 = H) and any
order quantity ). Define the expected sales under state 6 as Sp(Q) = Emin(dy,@). Clearly,
2 'R 'R — .
T — r(S5(Q) - S1(Q)) = r(Fu(Q) — FL(Q)) > 0, where Fy(x) = 1— Fp(). Thus, m(u,Q) is
supermodular in (i, @), and so the optimal order quantity Q*(u) is increasing in . By the Envelope

Theorem, we have

OMl(p) . "
o =7 (Su(Q" (1) = SL(Q" (1)) -
Clearly, 21 L) 0 and so II(u) is increasing. Moreover, note that Sy (Q) — SL(Q) is increasing
in Q, because S5 (Q) — S7(Q) = Fu(Q) — FL(Q) > 0 (as Fy is first-order stochastically larger).
Together with @*(p) increasing pu, it follows that # is increasing in u. O

F.1 Uniform Demand

Our main results can be generalized analytically under the following two assumptions:

(i) dp is either (a) uniformly distributed over [ag — o, ag+ o] with afy —ay, > 20, or (b) uniformly

distributed over [0, ag] with ag > ar.

(ii) The unconditional predictions X, and X} are uncorrelated, i.e., p(Xy,, X3) = 0, or equiva-

lently, by, +by, =14+ .

Assumption (i) allows for two specifications of state-dependent uniform demand: one with dis-
joint supports as in (a) and the other with nested supports as in (b). Next, we show that for each of
these two cases, the value of acquiring human information is unimodal in the posterior v regarding

X =1, a key property that preserves the solution structure of the base model.
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F.1.1 Case (a): Uniform Demand with Disjoint Supports

Lemma F.2. Under Assumption (i)(a) and Assumption (ii), for any posterior u, the optimal order

quantity Q*(n) and expected profit 7 () are given below.

14+p—2¢ .
Q*(,u) _ ar + 14 o Zf,u < ¢, (FQ)

aH+“_M&a if > o.

C

Note that when = %, any quantity in [ar + 0, ag — o] is optimal. We break the tie by choosing the
smallest Q* () = ar, + o. Substituting Q*(u) into the profit function, we can derive the manager’s

optimal payoff as

. (r—-c) aL—I-(:“:C)U ifp< g,
(1) = ( i) (F.3)

r(pag + (1 —p)arp) — (ag + o)e+ C:—Z if > 7.

Proof of Lemma F.2. The manager’s expected profit can be expressed as r(pag + (1 — par)) —

rL(Q) — cQ where

plam — Q)+ 52 [, (ar +e—Q)de  if Q <ar+o0,
L(Q): N(CLH_Q) if CLL+0'<Q§CLH—O', <F4)
%féf_aH(aHJré—Q)de if Q >ag —o.

Since the objective is concave in @, the optimal order quantity in (F.2) follows by the first-order
optimality condition. We note that the first and second cases in (F.2) correspond to the optimal
solutions attained in [af, — 0, ar, + 0] and [ag — 0, ay + o], respectively. (When p = £, any quantity
in [a, + 0,ag — o] is optimal, and we break the tie by choosing the smallest Q*(u) = ar, + 0.)
Substituting Q*(u) into the profit function, we obtain the expression of the optimal expected profit

as in (F.3). O

With the assumption b,, + by, = 1 + A, that is, unconditional X,, and X} are independent, we
can simplifies the belief mapping in Lemma A.1 as follows. For any posterior belief v in X,,, = 1,

we have the following posteriors regarding 6.

e If not acquiring sp, the manager holds a posterior puy(v) =

_ v(A=bp)+A(bp—2)
i .

e If acquiring sp, with probability A, the newsvender observes s, = 1 which leads to p(v|1) =

%, whereas with probability 1— A, it observes s, = 0 which leads to p(v|0) = %.
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The value of eliciting sy, is then given by I(v) = An*(p(v[1)) + (1 — A)7* (1(v]0)) — 7 (un (v)).

Lemma F.3. Provided Assumption (i)(a) and Assumption (ii), the value of eliciting sy, I1(v), is

unimodal in v € [0, 1].

Proof of Lemma F.3. Under the assumption of b, + by, = 1+ A, un(v), p(v|1) and p(v|0) are all

linearly increasing in v. Moreover, they satisfy the following relationships.

A(br — A)

p(v]1) = pn (v) +bp — A and u(v]0) = pn(v) = = —

Define d = by, — A and write uy(v) simply as p. Thus, p(v|l) = p+ d and p(v|0) = p — 1{—/\
To facilitate the analysis, we change the focal variable from v € [0,1] to p € [%, ], where

0 < d < 1— A Then, with abuse of notation, /(v) can be expressed as a function of p: I(p) =
M (p+d) + (1= N (p— 2%) — 7 (). Because py(v) is (strictly) increasing in v, to prove that
I(v) is unimodal, it suffices to show that I(u) is unimodal in p.

The expression of I(u) is comprised of four cases, depending on the value of ¢ relative to the

three possible posteriors u(v|0) < pn(v) < p(v|l). We will use I;(u) where i = 1,2,3 and 4 to

denote the expression of I(x) under the i-th case in the following analysis.

Case 1 If p < ¢ —d, then p(v]|0) < pun(v) < p(v|l) < ¢. The optimal order quantity is within the

low-demand support for all posteriors u — %, wand g+ d. As a result, 7%(-) always takes

the first case in (F.3), which leads to

A2 (r —e)?a/(1 = )\)
h(w) = .
=) (- )

Because all the factors in the denominator are positive and decreasing in g, I7(p) is thus

increasing.

Case 2 If ¢ —d < p < ¢, then the order quantity is within the low-demand support given posteriors
w(|0) = p — % and pn(v) = p but within the high-demand support given p(v|l) = p + d.
The expression of I(u) can be obtained by substituting the corresponding cases according to

(F.3). We need to examine the monotonicity of I(u) for p € (¢ —d, ¢].

First, notice that lim, | ¢—q I5(1) — I1 (¢ —d) = rA(apg — ar, —20) > 0. Because we have proved

that I; is increasing, it follows that lim,, ¢4 I5(p) > 0.
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Case 3

Case 4

Second, the second-order derivative of I can be written as

" 20(r —c)? 1-— ’ Ac? 1—p\?
B0 = T (14)(1_“:}%) oo ()

Note that the expression inside [-] is decreasing in u. Therefore, IJ(u) must be positive,

negative, or change its sign from positive to negative only once, implying that Is is convex,
concave, or first convex and then concave in pu. Together with the fact that Ij(u) > 0 as
pu — p — d, over the range (¢ — d, @], I2(u) must be increasing in p if I5(¢) > 0, or have a
unique peak in p if I5(¢) < 0.

fo<pu<o+ %, then the order quantity is within the low-demand support given posterior

w(v]0) = p— % but within the high-demand support for the other posteriors. According
to the corresponding cases in (F.3), we can obtain the expression of I3(x). Then, we examine

the monotonicity of I3 for pu € (¢, ¢ + %]

The second-order derivative of I3 can be written as

3
20c? o\ (1=N(r—c)? w
" .
Is(ﬂ)—wg A(;H—d) + 2 1=+ 2% -1
1—

Note that the expression inside [-] is increasing in u, and so I4 can be negative, positive, or

change its sign from negative to positive only once, implying that I3 can be concave, convex,

A
or first concave then convex for u € (¢, ¢ + 125].
As p goes to ¢+ %, we have I5 (¢ + %) —limui¢+% Ii(p) = —r(1—=XN(ag —ar—20) <0,
where the expression of I4(u) is derived for the case of ¢ < p — % and I4(p) is decreasing

as shown below. Therefore, It(u) <0 at p= ¢+ %.

Then, by the concave-convex property, it follows that if lim,, 4 I5(x) < 0, then I3 is decreasing

throughout the range (¢, ¢ + %]; if lim,, 4 I5(p) > 0, then I3 has a unique peak within
Ad

Ifu>o+ (1’\_7‘&), then the order quantity is within the high-demand support for all possible

posteriors, and so 7* always takes the second case in (F.3) for all posteriors. Thus, we have

AEd2a /(1 — \)

il = rp(p + d) (u - %) .
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All the factors in the denominator are positive and increasing in u, and so I4(u) is decreasing.

At the boundary point p = ¢ between Cases 2 and 3, we have lim, 4 I5(p) — I5(¢) = —r(ap —
ar, —20) < 0. That is, the derivative of I(u) drops as p increases from Case 2 to Case 3. Since I(u)
is continuous (but not differentiable at boundary points), combining the curvature of Iy and I3, we

can draw the following conclusion.

o If I5(¢) < 0, then lim, 4 I5(p) < 0. Consequently, the above case-by-case analysis implies
that I(u) is increasing in Case 1, has its unique peak within Case 2, and then keeps decreasing

in Cases 3 and 4.
o If I(¢) > 0, lim,, | I5(p) can be either positive or negative.

— for limy, 4 I5(pt) > 0, then I(u) is increasing in Cases 1 and 2, attains its unique peak

within Case 3, and then keeps decreasing in Case 4.

— for limy, |4 I5(p) < 0, then I(y) is increasing in Cases 1 and 2, attains the unique peak at

1 = ¢, and then becomes decreasing in Cases 3 and 4.

In all possible cases, I(x) is unimodal in u, and so is in v.

F.1.2 Case (b): Uniform Demand with Nested Supports

Lemma F.4. Under Assumption (i)(b) and Assumption (b), for any posterior belief u, the optimal
order quantity Q* () and expected profit m*(u) are given below.

apar(1-¢) : ¢
o = ) amntem—an) TP S e (F.5)
¢ ; ¢
CLH(]_—E) Zfﬂ>m.
Correspondingly, the expected monetary profit is given by
aHaL(r—c)2 . [9)
™ (p) = 2r(ag—plag—ar)) if i< 1-ar/am’ (F.6)
ap(rp—c)®+arr?p(l1—p) if p > ¢
2ru H l—arp/ag”

Proof of Lemma F.4. Note that the newsvendor profit as a function of the order quantity ¢ falls
into one of the two cases: If ¢ € [0,ar], thenm =r [,u I (1 - ﬁ) de+ (1 —p) [ (1 — %) d:z] —cq.
If g € (ar,ap], then T =7 [u IS (1 — &) de+ (1 — u)%} —¢q. The proof is straightforward using
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the first-order condition, similar to that of Lemma F.2. If pu < the optimal order quantity

¢
17(1L/CLH ’

falls into [0, ar]; otherwise, it falls into (ar,ag]. Thus, two different sets of expressions emerge. [

As before, define I(v) = z(v)7*(u(v|l)) + (1 — z(v))7*(u(v]0)) — 7*(un(v)) as the value of

acquiring signal sp, where z(v), pun(v), u(v|l), p(v|0) are given in Lemma A.1.

Lemma F.5. Under Assumption (i)(b) and Assumption (i), the value of eliciting sp, 1(v), is

differentiable and is unimodal in v € [0, 1].

Proof of Lemma F.5. Under the assumption of by, + b, = 1+ A, z(v) = X\. Moreover, uy(v),
w(v|1) and p(v|0) satisty the following relationships.

Albn = A)

plol1) = pn (v) +bp = A and u(v]0) = py(v) = =—

To facilitate the analysis, define d = b, — A and write puy(v) simply as p. Thus, u(v|l) = p+ d and

1(v]0) = p— 2%, We change the variable from v € [0,1] to p € [24,d], where 0 < d < 1 — \.
Then, with abuse of notation, I(v) can be expressed as a function of p: I'(n) = A" (u+d) + (1 —
)7 (e — %) — m*(p). Because py(v) is (strictly) increasing in v, to prove that I(v) is unimodal,
it suffices to show that I(u) is unimodal in p.

Now consider the value of I(u) for the following four cases, indexed by ¢ = 1, ..., 4.

Case 1: If u(v]0) < pn(v) < p(v]1) < —2— (= p < —2 d), then the optimal monetary

l—ar/ay 1—ar/ag
profit 7*(u) always equals the first case of (F.6). Using variable p and relationships pu(v|l) = p+d

and p1(v]0) = pu — 2%, we obtain

agar(ag —ap)?(r — )’ \d?

D) = @ =) T azm)an (@ — i —d) + (i + D)am(l X — (an —ag)(a(l — %) — )

for which the denominator is positive and decreasing in p, and thus I is increasing p.

Case 2: If u(v]0) < pun(v) < —2— < p(v[]l) (=

— l-ap/ag —d < H <

), then the optimal

¢ - R
l—ar/ag l1-ar/apg

order quantity takes the second case of (F.5) iff the manager observes s, = 1, and invoking the
corresponding cases of (F.6) yields the expression of I5(u). One can verify that I5(u) = Ij(pn) > 0

at u = — d. Thus, I is increasing as p starts to increase from % — d. Furthermore,

1-ar/ang

define ag = Kay, where K > 1, we have

() = arK [ A?  (r—o(K-1)? N (K —1)%2(r — ¢)%(1 — A)4
2 rol(p+d)P (K —p(K—-1)3  (K(1-A)+d\K—-1)—p(K-1)(1-X))3
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an(r — (K — 1K [ AA(K — (K — 1))’ (1= V(K — p(K —1))?

A iy ) s gy e M 7 § Y V4 rqi g g

The expression inside [-] is decreasing in pu. Therefore, within the interval of interest, I} can change
its sign at most once from positive to negative, and so Is must be convex, concave, or first convex

and turn concave, within the interval of interest. Together with I} (u) > 0 at p = —d, we

(%
l—ar/ag

can conclude that I5 is either increasing or unimodal in p € (l—aL/aH —d, l—aL/aH]'

Case 3: If u(v]0) < % < pun(v) < pl) (<= % <p< % + 24, then the

L/ag

optimal order quantity takes the first case of (F.5) iff the manager observes s, = 0. We can thus
obtain

1" arKc? Wk (K = 1)*(r —e)*(1 - )‘)4,U3

B == (G dp T @RI N T d\K 1) (K DI NP

The expression inside [-] is increasing in pu. Thus, I¥(u) can be negative, positive, or change its
sign from negative to positive only once as p increases, implying that I3 can be concave, convex, or

concave-convex within the range of interest.

Case 4: If < pu(0]0) < pn(v) < pl) (= p> —2—+ 24, then the order quantity

%
l1—ar/ag l1—ar/ag

always equals the second case of (F.5), which leads to

B apccd?\
2rp(p+ d)((1 = A)p — Ad)’

Ly(p)

Thus, I4(u) is decreasing in u. Moreover, we can verify that Ij(u) = I5(u) at the boundary

_ ¢ d
M= 1=arjag T 1-x-

With the results of Cases 3 and 4, we can conclude the following. As p increases p = to

_ ¢
B= l—ar/ag

l-ar/apg

+ %, I3 is eventually decreasing before it switches to Case 4. Since I3 can be concave,
convex or concave-convex, it follows that I3 must be unimodal (or decreasing) within the range of
Case 3.

Furthermore, we can verify that I5(u) = I5(u) at the boundary between Cases 2 and 3, i.e.,

¢

1= =gy Jan Together with the results of Case 2, this implies that overall I(u) is unimodal, where

the peak occurs within either Case 2 or Case 3. O

F.1.3 Optimal Messaging Policy We have established that, under both specifications of uni-
form demand, I(v) is unimodal. Because the optimal effort e*(v) = 1 iff I(v) > k, our result implies

that I(v) and k intersect at most twice. Let Ip; = maxo<y<1 I(v). As long as k < Iy, there exists
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an interval [¢1, 2] such that e*(v) = 1 iff 1 < v < by, In case of 1 < 0, set Y1 = 0; in case of

P9 > 1, set Yo = 1.

The expected monetary profit is given by

T (kv () for v € [0,41) U(¢2, 1]
A (p(v[1)) + (1 = A7 (u(v[0))  for v € [¢r, 1]

II(v) =

By Lemma F.1, II(v) consists of (at most) three conver pieces because convexity is preserved under
linear composition with py(v), p(v|1) and p(v|0), where the linearity of p(v|1) and p(v|0) is due to
Assumption (ii). Therefore, the upper concave envelope of II(v) is constructed in the same fashion
as in our base model with points (0,I1(0)), (¢1,II(¢1)), (¢2,11(¢2)), (1,1I(1)).

Based on the above observations, we can write out the conditions for each possible concave
envelope and hence the corresponding optimal 1*, as summarized in Proposition 5 in the main
paper. Note that the conditions in Proposition 5 also accommodate the cases where ¢; = 0 or
g = 1.

It is worth noting that the expected monetary profit II(v) is convex within each case, as opposed
to linear in our base model. Intuitively, the convexity arises because, unlike the base model where
human forecast provides value only when the realized sj influences the order choice between ap
and ay, now a marginal amount of information improves the expected profit because the optimal
order quantity is continuously adjusted. Consequently, whenever (D&E) is optimal, it is also the

unique optimal messaging policy.

F.2 Normal Demand: Numerical Study

When dy follows a more general distribution or the unconditional X,, and X} has a correlation
coefficient p(X,,, X) > 0, unfortunately, it appears intractable to generalize our analytical results.
To test the robustness of our main results, we conduct a numerical study. We consider the case
where dy follows a Normal distribution N(ag,0?) for each # € {H, L} and ay > ar. We discretize
the support of v into 1001 points and for each v = 0,.001,002,...,1, we evaluate II(v); then we
construct the upper concave envelope over the 1001 points. This exhaustive approach enables us to
verify if the optimal messaging policy aligns with one of the forms characterized in the base model.
Figure F.1 reports the optimal policies for various combinations of k and ¢.

In all instances, the optimal policy always takes one of the forms introduced in the main paper.

The case of § = 0.55 in Figure F.1(a) exhibits a similar structure as in Proposition 2, except for
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(a) by, = 0.82,by, = 0.78 (b) by, = 0.78, by, = 0.82
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Figure F.1: Structure of the optimal messaging polices with dy ~ N(ag,3?) [parameter values:
A=0.5, ag =20, ar, = 10, r = 10 and ¢ is varied according to ¢ given in the graph]|

very small k; for example, when k& = 1.5, we observe (D&E) can be optimal. The case of § = 0.45
in Figure F.1(b) is in line with the solution structure for the case of b,, < by, as discussed in §5.2.

To explain the reason why (D&E) can be optimal for § > 1/2, Figure F.2 presents several rep-
resentative instances when 8 = 0.55 and the manager would never exert effort under full disclosure,
corresponding to Case (iii) of the base model. In line with our base model, when k£ = 5, (D) and (E)
are optimal for small and high ¢, respectively, whereas full disclosure is optimal for ¢ = 0.5. When
k = 1.5, (D&E) is optimal for ¢ = 0.5, instead of (F). Although full machine information is better
than no machine information (i.e., at v = A = 0.5, full-information profit is higher than I1(0.5)),
the upper concave envelope of II(v) can hinge on v = 91 and v = 13 such that (D&E) is optimal,
because II(v) is convex in v € [11, 9] rather than linear. Also, because of this, policy (D&E) is

strictly better than providing no machine information.

G Analysis of the Continuous-Effort Model

We allow the manager to choose a continuous effort level e € [0, 1] while incurring a convex increasing
cost ke? where k > 0. We follow the “truth-or-noise” setting widely adopted in the literature
(Johnson and Myatt, 2006; Hagiu and Wright, 2020). With probability e, s;, reveals the true value
of Xy, i.e., s, = Xp. With probability 1 — e, s is an independent draw from the same distribution
as Xp, and thus not informative at all. Consequently, s, and X} are correlated according to the
following conditional probabilities: Pr(X, = 1|sp = 1) = e+ (1 — €)X and Pr(X, = 0O|s), = 0) =
e+ (1 —e)(1 — ). This effort-dependent prediction is also in line with Taylor and Xiao (2009).
By the law of total probability, it is easy to verify that Pr(6 = H|s, = H) = bpe + (1 — €)X and
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Figure F.2: Expected profit functions in representative instances for the case of 8 = 0.55 in Figure
F.1

Pr(§ = L|sp, = L) = bje+ (1 —e)(1 — A). In this regard, we can interpret X as the best prediction
that a human can generate.

In the following, we first present the analytical results in §G.1, followed by numerical illustrations

in §G.2. The technical proofs are provided in §G.3

G.1 Analytical Results

The manager’s posterior belief regarding § = H is generally a function of effort level e, posterior
v = Pr(X,, = 1|s;,), and the realized signal s, denoted by p(e,v|sp). In the proof of Lemma A.1,
we have obtained the general expressions of p(e,v|1) and p(e,v|0). Recall that p(e,v|s,) where
sp € {0,1} is the posterior probability of § = H given any effort level e € [0, 1], posterior belief
Pr(X,, = 1) = v, and realized signal s;. For ease of reference, their expressions are provided below.

e(1 = N)[w(bp + by — 1= X) + A1 = bp)] + AA(1 = b)) + v(by, — )
M1 =A) 4 e(by +bp —1—=XN)(v—2N) '

(v, ef1) = (@.1)
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and

(1= ML= bn) + (b = ) = (Wb + b =1 = 2) + A1 = b))]

(v, el0) = (1= )% —e(bm +bn— 1 — N0 = \) (G2)

To begin, we note some useful properties of u(e,v|1) and p(e, v|0).

Lemma G.1. For any e € [0,1], the posterior belief p(e,v|sy) given realized sy € {0,1} satisfies
the following properties: (i) pu(e,v|0) < p(e,v|1) where the equality holds at e = 0; (ii) p(e,v|1) s

increasing in e whereas u(e,v|0) is decreasing in e.

As implied by the above, u(e,v|0) < u(e,v|1) where the equality holds at e = 0. Intuitively, a

greater effort amplifies the distinction between (e, v|1) and p(e, v|0), making s, more informative.

[0}

100
u(e, v|1)

0.8

un () =

04
oa uCe, v10)

00l e
0.0 0.2 0.4 0.6 058 1.0

Figure G.1: Illustration of posterior beliefs u(e,v|1) and p(e,v|0) as functions of e with v fixed.

Figure G.1 illustrates how u(e,v|1l) and p(e,v|0), resulting from any effort e € [0, 1], affects
the optimal order quantity. By Lemma 1, the optimal order quantity will be contingent on the
realization of s, if u(e,v|0) < ¢ < u(e,v|l); see the triangular region between u(e, v|0) and u(e,v|1)
in Figure G.1. Yet, the optimal order quantity will not be impacted by sp, if ¢ < u(e,v|0) or
¢ > u(e,v|1). Thus, choosing a positive effort e > 0 brings value only if e is sufficiently large such
that sj, is informative enough, resulting in u(e, v|0) < ¢ < u(e,v|1).

Given any posterior v = Pr(X,, = 1), the human chooses an effort level e € [0, 1] to maximize

the following expected payoff:

u(67 U) = Esh~z(e,v) [ﬂ'*(/J,(B, v|8h))] - kez

= z(e,v)m* (ule,v[1)) + (1 — z(e,v))7* (u(e, v]0)) — ke?.

(G.3)
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where function 7* is as given in Lemma 1 and z(e,v) denotes the probability of s;, = 1 which is
given by z(e,v) = 5 A1 = X) + e(v — A) (b + by — 1 — N)].

As discussed earlier, the information elicitation effort improves the expected monetary profit
only if u(e,v]0) < ¢ < u(e,v|l) such that the realization of s indeed influences the order quantity.
Consequently, it is optimal to either exert zero effort or set the effort level sufficiently high such
that p(e,v|0) < ¢ < u(e,v|l).

Define u'(e,v) = (r — ¢)ar, u’(e,v) = (r — c)ar, + (run(v) — ¢)(ag — ar) — ke?, and u¥(e,v) =
(r—c)ag, + z(e,v)(ru(e,v|1) — ¢)(ag — ar) — ke?. Note that u’ is the manager’s payoff when order
quantity Q = ay, regardless of signal sp, u** is that when Q = ap, regardless of signal s, and u'
is that when QQ = ap, given sp = 0 but Q = ay given sp = 1.

Further, define Uy (v) = max(u*(0,v),u"(0,v)) as the payoff function given e = 0. That is,
Un (v) is the maximum payoff with any information elicitation effort, in which case @ is independent
of sp. Define Ur(v) = u"(e*(v),v) where €*(v) = argmax.cjo 1 u""(e,v). That is, Ur(v) is the
maximum payoff with information elicitation, assuming the order quantity to be adjusted according
to the realization of sy,

The following lemma establishes that the optimal effort level can be determined by comparing

U[ and UN.

Lemma G.2. The optimal effort level e*(v) is determined by the following rule: If Uy (v) > Ur(v),
then e*(v) = 0; otherwise, e*(v) = min(e®(v), 1) where e°(v) = M and
[0(1— A — ) + Adl(bm + b — 1 — A) + AL = A)(1 — by)

h(v) = STy, . (G.4)

For technical convenience, hereafter we impose a sufficient condition that the relative effort cost

~

k= is large enough, which ensures that the optimal effort level is either zero or an interior

k
rlag—ar)
solution e°(v) less than one that maximizes u*(e,v), and that the interval [1)1,s] lies strictly

within [0, 1].

Proposition G.1. Suppose that k= m > K. There exists two thresholds 11,12 € (0,1)
such that the optimal effort level €*(v) = 0 if v < 11 or v > )9, and €*(v) = €°(v) if Y1 < v < 1o,
where €°(v) = h(v)/k, ¥y is the larger root solving the quadratic equation U'(v) = (r — ¢)ar,, and

s is the smaller root solving a quadratic equation Ul (v) = (r — c)ar, + (rpun(v) — ¢)(ag — ar).

Although the expressions of 1 and 12 become more complex, they can be determined by solving
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two quadratic equations as stated in Proposition G.1. Using 1 and %3, we can derive conditions

under which partial disclosure is optimal, taking the same forms as defined in our base model.

Proposition G.2. Suppose that k = %

Tan—a) > K. The optimal messaging policy is characterized
as follows. If ™ wl) < 1(bpy,— @) and % < Yobp + (1 —12)d— N (V2), full disclosure is optimal.

Otherwise, partml disclosure is optimal with the following cases:

(1) 1f "8 > 4y (b, — 6) and & (125A2(02) — B3 (1)) < S (b — 0)
n* is given by (E’) for A <1, and by (D) for X\ > ;

N (1#2 ) ) then

(2) if P > b+ (1= )6 =y (6n) and L (B2 (2) = B2R2(61)) 2 & — (), 0" is given
by (E) for X < g, and by (D’) for X > 1y;

(3) otherwise, m* is given by (E’) for X <1, by (DEE) for 1 < X < e, and (D’) for X > 1s.

G.2 Numerical Illustration

Expected Profits Expected Profits Expected Profits
120 80 1w e
[ Full Info ) 427 Full Info
110 nfo / 751 Opt Info M Opt Info
' 70 ) [ /
100+ , B
f 65¢ , 36 -
90 F
60 ! 340
807/ 55 . 32
70 : ; v 50 ‘ — y 30 — : : — sy
0.2 0.4 0.6 0.8 1.0 " 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
(a) D: ¢ =0.3,8=0.55 (b)F: ¢ = 05,8 =0.55 (c)E: ¢ =0.7,8 =0.55
e’(v) = 0.73+ 0.14v e’(v) =0.80 e’(v) = 0.87 - 0.14v

Figure G.2: Illustration of the optimal messaging policies (D), (F) and (E) with continuous effort
[parameter values: A = 0.5, ag = 20, ar, = 10, r = 10, k = 8, b,;, = 0.8 whereas b, and c are set
according to the values of 8 and ¢ given in the graph.|

Figure G.2 present numerical examples in which, given § > 1/2, partial disclosure policies are
optimal for ¢ = 0.3 and ¢ = 0.7, respectively, whereas full information is optimal for ¢ = 0.5,
similar to our results discussed in §4.3.2. Note that the optimal effort e*(v) is less than one and
can be a function of v. Moreover, Figure G.3 provides an example where (D&E) is optimal given
B < 1/2. In the example, A = 0.6 and so garbling both message realizations is optimal. Notably,
different from our base model, we can show that II(v) is convex for v € [¢1, 12], rather than linear.

Consequently, (D&E) is the unique optimal policy, strictly outperforming the case of providing
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Figure G.3: Tllustration of the optimal messaging policy (D&E) with continuous effort [parameter
values:A = 0.6, ag = 20, ar, = 10, » = 10, k£ = 8, b,, = 0.8 whereas b, and c are set according to
the values of # and ¢ given in the graph.]

no machine information. As demonstrated in the magnified graph, the optimal monetary profit is

strictly higher than I1(0.6), i.e., the profit based on the prior A = 0.6.

G.3 Proofs

Proof of Lemma G.1. First, notice that at e =0, u(e,v|1) = u(e,v|0) = pn(v) where

(b — A) + AL = by)
pn(v) = T :

By examining the first-order derivatives, one can show that % > 0 and % < 0 for any

v € [0, 1] within the assumed parameter range where b, +bp, > 14+ . Thus, property (ii) follows. [
Proof of Lemma G.2. To maximize u(e,v) in (G.3) over e, we consider three cases.

(i) If ¢ > p(e,v|l), regardless of sp, the manager orders ay, units, leading to 7*(u(e,v|0)) =
7*(u(e,v|1)) = (r — c)ar. Consequently, the manager’s payoff equals u(e,v) = u'(e,v) =

(r — ¢)ar, — ke?, decreasing in e.

(i) If ¢ < p(e,v|0), regardless of sp,, the manager orders ay units, leading to u(e,v) = (r—c)ar +

(rEs, ~z(e,0) (€, v]sn)] — ¢)(ag — ar) — ke?, where the posterior 1 unconditional on sy,

(b, — A) + A(1 — by,
1—-A

Eshwz(e,v) [M(e7 U‘Sh)] = MN(U) =
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which is independent of e. Thus, the manager’s payoff is given by u(e,v) = u'(e,v) =

(r —e)ar, + (run(v) — ¢)(ayg — ar) — ke?, decreasing in e as well.

(iii) If u(e,v]0) < ¢ < u(e,v|l), then the optimal order quantity is ay, given s, = 0 but is ay given

sp = 1. As a result, the payoff u(e,v) is equal to

u(e,v) = (r — ¢)ar, + z(e,v)(rue,v|1) — ¢)(ag — ar) — ke?

where the second term is linear in e. Hence, the payoff u'(e,v) is quadratic concave in e.

Moreover, the unconstrained maximizer of u** is given by

() = 1o = )hY) (G5)
where

Note that h(v) is linear in v, and that h(0) > 0 and h(1) > 0. Thus, e°(v) > 0 for all v € [0, 1].
In general, the optimal effort e maximizing u* is given by e/ = min(e°, 1), where the minimum
operator min(e®, 1) incorporates the possibility of €® > 1 in which case the maximizer over [é1, 1] is
e=1.

By the fact that p(0,v|1) = p(1,v|1) = pn(v), u(e,v|l) is increasing and p(e, v|0) is decreasing

in e, we have two different cases when optimizing over e € [0,1]. Note that

(1—=N¢ - A1 = bm)

< < =
un(v) < ¢ <= v<wy T

Case of v < vy, i.e., un(v) < ¢. Let é; be the unique solution such that p(é1,v|1) = ¢. Then,
e < eéy iff p(e,v|1) < ¢.

In this case, u(e,v) consists of two pieces. For e < é1, u(e,v) = u’(e,v) which is decreasing in
e; for e > é1, u(e,v) = u'(e,v) which is concave in e. For any e € [0, é1], u(e,v) is maximized at
e = 0, resulting in the maximum payoff u*(0,v) = (r — ¢)ar.

Recall that we use e/ to denote the maximizer of u’. In the following, we argue that the
optimal effort equals e* = el if v (el ,v) > u*(0,v), and e* = 0 otherwise. To see this, if el > éj,

then the optimal effort is determined exactly by comparing u!(e!,v) and u?(0,v). If ! < éy,

the optimal effort e* = 0, and it must be the case that u*(e/,v) < w%(0,v). This is because
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u' (el v) < ui(el,v) < ui(0,v), where the first inequality follows because, provided e/ < é; (<=
w(el,v|1) < ¢), ordering ay, units is optimal under both signal realizations of s;, (and hence u? >
for any given e), and the second inequality follows since u’ is decreasing in e.

Case of v > vy, i.e., uny(v) > ¢. Let é be the unique solution such that pu(ép,v|0) = ¢. Then,
e < ég iff u(e,v|0) > ¢. Accordingly, u(e,v) consists of two pieces. For e < ég, u(e,v) = u®(e,v)
which is decreasing in e; for e > ég, u(e,v) = u*(e,v) which is concave in e. Analogous to the
previous case, the optimal effort level e*(v) is either 0 or e!, depending on whether u(e!, v) is
greater than u%(0,v). The reason is similar. If e/ > &y, e*(v) is determined exactly by comparing
u(0,v) and v (el ,v). If ef < ép, we must have u’(e!,v) < u¥(el,v) < u(0,v) where the first
inequality follows because, provided e! < éy ( <= pu(e,v|0) > ¢), ordering ay units regardless of
the realization of sj, is optimal and hence u* is higher than u* for any given e, and the second

inequality is due to the fact that u% is decreasing in e.
ut(0,v) if v < vy ) . y
Note that u(0,v) = B can be written as u(0,v) = max(u*(0,v),u"(0,v))
u™(0,v) if v > vy
We can therefore put together the above two cases and conclude that to determine the optimal

e*(v), it suffices to compare Uy (v) = u(0,v) and U (v) = u'¥(ef, v). O

Proof of Proposition G.1. For technical convenience, we assume that k is large enough such that

e’(v) < 1. By the expression of e°(v), a sufficient condition is

K > Kinterior 1= 1 <)\(1 —bm) + (b + by — 1 — A) max <>\¢;\> ,1— (;5) (G.7)

r(ag —ar) 2 1-—
under which e°(v) <1 for all v € [0,1]. We first establish the following lemma.
Lemma G.3. Under condition (G.7), we have (i) Ur(v) is convex and increasing in v; (ii) U7 (0) >

8ui8(1()),v) . and U}(l) ou* 8(0 )

Proof of Lemma G.3. For part (i), note that U;(v) = u(e°, v) is a quadratic function of v. It is

straightforward to verify that U/ (v) = (aH_aL)2(r(lg,?()l_f/)\jgbm+bn_/\_l)2 > 0, and thus U; is convex.
du“‘(e v

To show that U(v) is increasing, we apply the Envelope Theorem, Uj(v) =

|e=eo. Notice
(aH aL)[ (bm+bh bh/\fl)fc(berbhf)

Jutti(ew) . 7. . Jutt (e,w) _ rXamg—ar)(bm—X\) Qut (e,v)
that == is linear in e, T\ezo = T > 0, and ==~

le=1 = 1—X
0 (because by, < 1 and r > ¢). It follows that auzgf]e,v) > 0 for any e € [0,1], and so Uj(v) =
8“%1(]57”)’6:60 Z 0
For part (ii), clearly, U;(0) — w > 0 as u'(0,v) = (r — c¢)ag, is constant in v. One can
verify that, at v = 1, 8ui;(1?,v) - 8uii;(f’v) = HLT(e) where T'(e) is linear in e with T'(0) =

o1



P (b — A)(1—=A) > 0 and T(1) = c(by + by —1—A)+7(1—A)(1—by) > 0. Thus, 2500 5 ou(ew)

for any e € [0, 1]. Due to the Envelope Theorem, we have % > Uj(1). O

Note that Uy (v) is a piece-wise linear function with the first piece having a slope 9 (00) _ () for

v
%“T(UO’U) for v > vy. By Lemma G.3, it follows that for

v < vy and the second piece having a slope
v € [0,1], Ur can intersect with the first piece of Uy at most once, and can cross the second piece
of Uy also at most once. Moreover, at the inflection point v = vy, we have Ur(vy) > Un(vy) =

(r — ¢)ar, because

(aH — aL)2((1 — bm)(l — bh)TQ)\ + C(?“ — C)(bm + bh —1- )\))2
Akr2 (b, — A)?

U](UN) — UN(UN) = > 0.

Consequently, Uy must intersect with the first piece of Uy at some point v = ¥; € [0,vn],
provided U;(0) < u*(0,v), which is equivalent to

A1 =A)(1 = bp) + d(by, + by, — 1 — N)]? _ k
41 =M1 =) = A1 = bp)] r(ag —ag)

Kl = (Gg)

Similarly, Ur must intersect with the second piece of Uy at some point v = 2 € [un, 1], provided
Ur(1) < u%(0,1), or equivalently,
A = bm) + (L= ¢)(bn +bp — 1 = N)]? k

o= (0= N (b — 9) < Nam —an)’ (G-9)

Moreover, by the convexity of Uy, 11 is the larger root solving the quadratic equation Uj(v) =
u?(0,v), and 15 is the smaller root solving Us(v) = u%(0,v).
The conditions assumed in the above analysis are (G.7), (G.8) and (G.9). They can be summa-

rized as % > K where K = max(Kinterior, K1, K2). O

ag—ar,)

Proof of Proposition G.2. Now consider the firm’s problem to maximize the expected monetary

profit, which can be expressed as a function consisting of three cases.

u*(0,v) for v < 9y,
H(v) = ¢ Ur(v) + ke?(v)?  for ¢ < v < b,
u(0,v) for v > 1)s.

Thus, TI(v) consists of three pieces: (1) the first piece u?(0,v) = (r — ¢)ay, is constant in v; (2) the
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second piece equals Uy (v) + ke®(v)? as the effort cost is not internalized in the monetary profit, and
moreover, Uy (v)+ke®(v)? is convex in v; (3) the third piece u**(0,v) = (r—c)ap+(ruyv—c)(ag—ar)
is linearly increasing in v. Additionally, II(v) is discontinuous at the two breakpoints v = 1)1 and
Pa.

Let yo = (1 — )ar, Yy, = (r — c)ar + ke®(P1)?, yy, = u"(0,1h2) + ke(Y2)* = (r — c)ar, +
(rpn (¥2) —c)(ag —ar) + ke®(12)?, and 31 = u*(0,1) = (r—c)ar + (run(1) —c)(ag —ar). Because
I1(v) consists of three pieces that are either linear or convex in v, the upper concave envelope of I1(v)
is determined by the positions of four points: (0,%0), (¥1, ¥y, )s (Y2, Y, ), and (1,71). Comparing
the slopes of different line segments between these points, we can derive conditions for each of the
information provision policies to be optimal.

The following four conditions are relevant to determine the upper concave envelope.

w >y1_y0 — T(aHk_aL)hQ(d}l) >1/)1(bm_¢)7 (fl)
1

Y1 =Yy, Y1~ Yy RN
1—4n = 1—2 (ml)

et (02 () = 12(0n) ) < S8 O — 0) = TEiax (v2),

r(ag —ar)

w > Y1 — Yo < 2 h2(1[)2) > oby, + (1 - ¢2)¢ - MN(¢2)a (f2)
yw2¢; Yo yzmd; Yo T(aHk_aL) <h2(¢2) - iih%ﬁl)) > ¢ — pun(12). (m2)

If neither (f1) nor (f2) holds, then the upper concave envelop is a linear line segment connecting
two points (0,yp) and (1,y;), implying that full information provision is optimal. Otherwise, if (f1)
or (f2) holds true, partial information provision is optimal. Specifically, (i) if (f1) and (m1) hold, the
upper concave envelop is piece-wise linear connecting three points (0,40), (11, ¥y, ), and (1,y1). (ii)
if (f2) and (m2) hold, the upper concave envelop is piece-wise linear connecting three points (0, o),
(12, Yy,), and (1,y1). (iil) otherwise, the upper concave envelop is piece-wise linear consisting of
all the four points. Using the same graphic approach as in our base model, we can conclude the

various cases stated in Proposition G.2. O
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