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Abstract

Many predictions previously conducted by human experts (e.g., loan assessments

and medical diagnoses) can now be automated. How should individuals choose be-

tween institutions where predictions are made by algorithms, and institutions where

predictions are made by people? We propose a framework to examine one key dis-

tinction: Machine learning algorithms consider a fixed, standardized set of covariates

for all individuals, whereas human evaluators adapt the choice of covariates to each

person. Our framework defines and analyzes the advantage of this customization—the

value of context—in environments with complex prediction problems. We show that

unless the agent has prior reason to think that their individualized context is espe-

cially informative, then the benefit of more information generally outweighs the value

of customization.

1 Introduction

“A statistical formula may be highly successful in predicting whether or not a person will go to

a movie in the next week. But someone who knows that this person is laid up with a broken leg

will beat the formula. No formula can take into account the infinite range of such exceptional

events.” — Atul Gawande, Complications: A Surgeon’s Notes on an Imperfect Science

∗Department of Economics, Northwestern University. We thank Modibo Camara, Krishna Dasaratha,

Alex Frankel, Drew Fudenberg, Ben Golub, Kevin He, Xiaosheng Mu, Matthew Murphy, Jacopo Perego,

Debraj Ray, and Marzena Rostek for helpful comments and suggestions.

1



As algorithmic predictions become increasingly viable alternatives to human judgment,

institutions are differentiating into two models: “brick-and-mortar” establishments that

emphasize individualized human assessment, and digital platforms that rely on standard-

ized algorithmic predictions. For example, in wealth management, robo-advisors such as

Wealthfront automatically allocate and rebalance investment portfolios, while human finan-

cial advisors provide more tailored guidance; in consumer lending, fintech algorithms such as

Upstart and MYbank automate loan decisions based on large datasets, while relationship-

based lenders make case-by-case decisions; in insurance, online platforms such as Lemonade

and Insurify use machine learning to automate insurance claims, while traditional insurers

rely on human insurance agents; and in medicine, telemedicine and digital health platforms

automate the provision of care at scale, while doctors provide specialized attention and care.

One important distinction between algorithmic and human evaluation is that algorithms

base their predictions on a standardized set of inputs, while human evaluators can adapt

what they learn to each person. For example, an AI lending model might flag unemployment

as grounds for denying a loan, overlooking the crucial detail that the applicant left work

to launch a startup. If that context is not among the algorithm’s predefined inputs, the

applicant cannot supply it—but he can inform a human. The perception that humans

are better able to account for individuals’ unique circumstances is a significant factor in

resistance to AI (Longoni et al., 2019). Our objective in this paper is to understand when,

and to what extent, this difference between human and machine evaluation matters.

We propose a theoretical framework to compare evaluation based on a large and stan-

dardized set of inputs versus evaluation based on a small set of targeted inputs. In our

model, an agent chooses between an algorithmic institution and a human institution before

knowing what specific prediction problem will be relevant. To fix ideas, consider a small

business owner who chooses between a fintech bank and a traditional bank, where at the time

of contracting the agent cannot foresee which financing tools he will need in the future.1

Formally, a prediction problem consists of a set of types to be predicted—such as the

probability with which the agent would pay back a specific loan—and a function relating

1At a high level, this question is similar to Akbarpour et al. (2024)’s comparison of the network diffusion

value of a small number of targeted seeds versus a larger number of randomly selected seeds. Like them, we

will find that a larger number of (non-targeted) inputs is superior, but the mechanisms behind these results

are very different; in particular, network structure does not play a role in our results.
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agent covariates (i.e., everything that is relevant about the agent’s financial situation) to the

unknown type. To predict this type, each bank observes some of the agent’s covariates, and

predicts the average type among individuals who share the agent’s observed covariates.

The banks differ in which covariates are observed. Both banks observe the agent’s “stan-

dard” covariates, such as their credit score and employment status. But there is additionally

a large set of “nonstandard” covariates, whose relevance and meaning depends on the real-

ized prediction problem. For example, collateral ownership may be decisive for an equipment

loan—since the bank can secure the loan against the collateral—but irrelevant for unsecured

credit. And seasonal cash flows may strongly affect the prospects of a short-term bridge loan

but carry little weight in a long-term expansion loan. At the time of choosing a bank, the

agent is uninformed about which kind of loan he will eventually need, so he does not know

which (if any) nonstandard covariates will represent important context. Formally, we assume

that before the prediction problem is realized, the agent’s type is distributed independently

of his nonstandard covariates.

Of the nonstandard covariates, the fintech bank observes a large fraction that is stan-

dardized across individuals, while the traditional bank observes a smaller fraction that is

personalized to each individual. To compare the two banks, we adopt a conservative crite-

rion. We say that the agent robustly prefers the fintech bank if his expected payoff is higher

there than at the traditional bank, even when the traditional bank observes the nonstandard

covariates most favorable to the agent (e.g., indicating the highest probability of repayment

when the agent’s payoffs are increasing in this prediction). And we instead say that the agent

robustly prefers the traditional bank if his expected payoff is higher there than at the fintech

bank, even when the traditional bank observes the nonstandard covariates least favorable to

him.

A central parameter in our analysis is the total number of nonstandard covariates. Be-

cause the agent’s type is fully determined by the complete covariate vector, this number does

not capture the total amount of information but instead reflects the potential complexity

of the prediction problem. We refer to settings where the outcome may depend on many

covariates as richer.

Our first main result says that as the covariate space becomes richer, the benefit to

targeted covariate selection vanishes. Formally, we use as a benchmark the agent’s expected

payoff when the prediction is based only on his standard covariates. We then define the value
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of context as the best-case improvement in payoffs when some fixed fraction of covariates

are acquired, relative to this benchmark. That is, the value of context is the largest possible

utility gain when the agent’s “best” nonstandard covariates are observed.

We prove that the expected value of context converges to zero as the covariate space

grows large. Thus even though there may be realizations of the prediction problem given

which the value of context is large, in expectation it is not. The contrapositive of this result

is that if the expected value of context is high, it must be that the agent has some ex-ante

knowledge about the predictive roles of the nonstandard covariates.

We prove this result by studying the sensitivity of the evaluator’s expectation to the

set of covariates that are revealed. Intuitively, a large value of context requires that the

evaluator’s beliefs move sharply after observing certain nonstandard covariates. We show

that the largest feasible change in the evaluator’s beliefs can be written as the maximum over

a set of random variables, each corresponding to the movement in the evaluator’s beliefs for

a given choice of covariates to reveal. The proof proceeds by first reducing this problem to

studying the maximum of a growing sequence of (appropriately constructed) i.i.d. variables,

and then applying a result from Chernozhukov et al. (2013) to show that this maximum

concentrates on its expectation as the number of covariates grows large. We conclude by

bounding this expectation and demonstrating that it vanishes.

We next apply this result to compare the agent’s expected payoffs under human and

algorithmic evaluation, under an assumption that the algorithm processes a sufficiently larger

fraction of covariates compared to the human (in a sense we make precise). We show that

for rich enough covariate spaces, agents with convex payoffs robustly prefer algorithmic

evaluation, while agents with concave payoffs robustly prefer human evaluation. In the

banking example, this means that a risk-averse agent whose payoffs are increasing in the

bank’s assessment of repayment probability should prefer the traditional bank (when the

covariate space is rich). By contrast, an agent who benefits from the bank having an accurate

assessment—for instance, if he only wants a loan when his business will succeed and he can

repay—should prefer the fintech bank (when the covariate space is rich). We view these

conclusions as relevant not only in a far limit of many covariates, and provide a bound for

the number of covariates that is needed for our result to hold. In a simple binary example

where the human institution observes 10% of covariates, and the algorithmic institution

observes 90% of covariates, then our result holds as long as there are at least 10 covariates.
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We subsequently strengthen our main results in four ways: First, we show that not only

does the expected value of context vanish for each agent, but in fact the expected maximum

value of context across agents also vanishes. Second, we show that our main results extend

when the agent and evaluator interact in a disclosure game, where the agent chooses which

nonstandard covariates to reveal, and the evaluator makes inferences about the agent based

on which covariates are revealed (given the agent’s equilibrium reporting strategy). Third,

we provide an abstract learning condition under which our results extend: It is enough for

the informativeness of each individual set of covariates to vanish as the total number of

covariates grows large. Finally, we show that if the agent has some knowledge about which

nonstandard covariates are likely to be predictive, then the limiting value of context is simply

what the agent could gain by announcing his known context, prior to the realization of the

prediction problem.

Our model is not meant to be a complete description of the differences between human

and algorithmic evaluation. For example, we do not consider human or algorithmic bias

(Kleinberg et al., 2017; Gillis et al., 2021), explainability (Yang et al., 2024), preferences for

empathetic evaluators, or the possibility that the human evaluator has access to information

that is not available to the algorithm (e.g., for privacy protection reasons as in Agarwal

et al. (2023)). We also suppose that both evaluators form correct conditional expectations,

thus abstracting away from the possibility of algorithmic overfitting and of bounded human

rationality (e.g., as considered in Spiegler (2020) and Haghtalab et al. (2021)).2 We leave

extensions of our model that include these other interesting differences to future work.

1.1 Related Literature

Our paper is situated at the intersection of the literatures on learning (Section 1.1.1) and

strategic information disclosure (Section 1.1.2), where our analysis is primarily differentiated

from the previous frameworks by our assumption that the agent has model uncertainty (see

Section 1.1.1). Our paper is also inspired by a recent empirical literature that compares

human and AI evaluation, which we review in Section 1.1.3.

2The problem of overfitting, while practically important, is a function of how the algorithm is trained.

We are interested here in intrinsic differences between the qualitative nature of human and algorithmic

evaluation, which are difficult to resolve by training the algorithm differently.
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1.1.1 (Asymptotic) Learning

A large literature studies asymptotic learning and agreement across Bayesian agents (Black-

well and Dubins, 1962). Our main result (Theorem 1) can be viewed as bounding (in expec-

tation) the differences in beliefs across Bayesian agents who are given different information.

As in Vives (1992), Golub and Jackson (2012), Liang and Mu (2019), Harel et al. (2020), and

Frick et al. (2023) among others, we quantify the rate of convergence in beliefs. The learning

rates that we look at are, however, of a different nature from those studied previously. One

important distinction is that these previous papers consider asymptotics as the total amount

of information accumulates, while our analysis considers asymptotics with respect to a se-

quence of information structures that we show are increasingly less informative. A second

important difference is that the classic learning models suppose that the agent updates to a

signal with a known signal structure, while our agent is uncertain about the signal structure

(as in Acemoglu et al. (2015) and Morris and Yildiz (2019)). Our results characterize the

informativeness of this signal in expectation, where the agent’s model uncertainty takes a

particular (and new) form motivated by the applications we have in mind.

Finally, our paper is related to Di Tillio et al. (2021), which compares the informativeness

of an unbiased signal to the informativeness of a selected signal whose realization is the

maximum realization across i.i.d. unbiased signals. Again the key difference is our assumption

of model uncertainty—that is, in Di Tillio et al. (2021), the signal structures that are being

compared are deterministic and known, while in ours they are random and compared in

expectation. In particular, our agent’s prior belief over signal structures can have support

on signal processes which are not i.i.d. (for example, it may be that the meaning of one

signal is dependent on the meaning of another).

1.1.2 Strategic Information Disclosure

Several literatures study persuasion via strategic information disclosure. Our model—in

which the sender has private information about his covariate vector, and selectively chooses

which elements to disclose to a naive receiver—is closest to models of disclosure of hard

information (Dye, 1985; Grossman and Hart, 1980), in particular Milgrom (1981).3 The key

3A similar model of information is considered in Glazer and Rubinstein (2004) and Antic and Chakraborty

(2023).
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difference (which follows from our assumption of model uncertainty) is that our sender has

uncertainty about how his reports are interpreted. Additionally, our focus is not on exam-

ining which incentive-compatible reporting strategy is optimal,4 but instead on asymptotic

limits of belief manipulability as the number of components in the covariate vector grows

large. This latter focus is special to our motivating applications.

Our model also has important differences from the other main strands of the persuasion

literature. Unlike models of cheap talk (Crawford and Sobel, 1982), our agent chooses

between messages whose meanings are fixed exogenously (through the realization of the

joint distribution relating covariates to the type) rather than in an equilibrium. Unlike

the literature on Bayesian persuasion (Kamenica and Gentzkow (2011)), our sender chooses

which signal realization to share ex-post from a finite set of signal realizations, rather than

committing to a flexibly chosen information structure ex-ante.5 Indeed, our model gives the

sender substantial power to influence the receiver’s beliefs relative to this previous literature.

It is perhaps surprising, then, that despite the lack of constraints imposed on the sender, we

find that the sender is extremely limited in his influence. In our model, this emerges because

the sender has a limited choice from a set of information structures, whose informativeness

(we show) is vanishing in the total number of covariates.6

1.1.3 Human vs AI Evaluation

Recent empirical papers compare the accuracy of human evaluation with AI evaluation,

finding that machine learning algorithms outperform experts in problems including medi-

cal diagnosis (Rajpurkar et al., 2017; Jung et al., 2017; Agarwal et al., 2023), prediction of

pretrial misconduct (Kleinberg et al., 2017; Angelova et al., 2022), and prediction of worker

productivity (Chalfin et al., 2016). Nonetheless, many individuals continue to distrust al-

4Indeed, in our main model we do not require choice of an incentive-compatible reporting strategy, since

the receiver updates to the sender’s disclosure as if it were exogenous information. This is primarily for

convenience—we show in Section 5.2 that our results extend in a disclosure game.
5Thus, for example, Bayes plausibility is not satisfied in our setting—the sender’s expectation of the

receiver’s expectation of the state (following disclosure) is generally not the prior expectation of the state.
6The covariates in our model play a similar role to attributes, although the literature on attributes has

focused on choice of which attributes to learn about (e.g., Klabjan et al. (2014) and Liang et al. (2022)),

rather than which attributes to disclose for the purpose of persuasion. An exception is Bardhi (2023), who

studies a principal-agent problem in which a principal selectively samples attributes to influence an agent’s

decision.
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gorithmic predictions (Jussupow and Heinzl, 2020; ?). These findings motivate our goal of

understanding whether individuals should prefer human evaluators, and when instead the

replacement of human evaluation with algorithmic evaluation is welfare-improving for users,

as suggested in Obermeyer and Emanuel (2016) among others.

In principle, human decision-making guided by algorithmic predictions should be superior

to either human or algorithmic prediction alone. In practice the evidence is more mixed, with

the provision of algorithmic recommendations sometimes leading human decision-makers to

less accurate predictions (Hoffman et al., 2017; Angelova et al., 2022; Agarwal et al., 2023).7

The question of how to aggregate human and machine evaluations is thus important but

subtle, and depends on (among other things) whether human decision-makers understand

the correlation between their information and that of the algorithm (McLaughlin and Spiess,

2022; Gillis et al., 2021; Agarwal et al., 2023). We abstract away from these complexities,

focusing instead on (one aspect of) the more basic question of why human oversight is even

necessary to begin with. We provide a tractable way of formalizing the advantage of human

evaluation, and quantify the size of this advantage.

2 Model

2.1 Setting

Let Xn = {0, 1}n denote a set of binary covariate vectors, which are uniformly distributed in

the population.8 A prediction problem is a pair (Y , f) consisting of a bounded set of types

Y ⊆ [−y, y] and a mapping f : Xn → Y from covariate vectors to types. To ease exposition

we will simply refer to f as the prediction problem going forward.

An agent with covariate vector x ∈ Xn chooses between two institutions, one in which

predictions are made by humans (the human institution) and another in which they are made

by algorithms (the algorithmic institution). The agent knows his covariate vector and the

distribution F over prediction problems, but not which specific prediction problem f ∼ F

will realize.

7Other papers instead consider algorithmic prediction tools that take human evaluation as an input, with

greater success towards improving accuracy (e.g., Raghu et al. (2019)).
8All of our results extend for arbitrary finite sets Xn.
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Example 1 (Bank Underwriting). A small business owner chooses between signing a multi-

year relationship-lending contract with Bank H, where loan officers conduct underwriting,

or FinTech A, which relies on an automated credit-scoring model. At the time of contract-

ing, the owner cannot foresee which financing tools he will need in the future; for example,

whether he will need a revolving working-capital line to finance an order surge or a multi-year

equipment loan to replace critical machinery. When the firm requires financing, the evalua-

tion is either handled by human underwriters at Bank H or FinTech A’s algorithm according

to the business owner’s selected contract.

Example 2 (Medical Diagnosis). The agent chooses between Plan H, a traditional health

insurance plan covering care at hospitals with in-person physicians, and Plan A, a new

health insurance plan that covers care by digital health platforms. The enrollment choice is

binding for several years, and is made before the patient knows which condition will arise,

e.g., whether he will need to be evaluated for a heart arrhythmia condition or a thyroid

disorder. Once the condition manifests, diagnosis is carried out according to the chosen

plan.

The agent’s payoffs u(ŷ, y) depend on the prediction of his type ŷ (described in the

following section) and his true type y, as captured by a Lipschitz continuous utility function

u : [−y, y]2 → R.

2.2 Human versus Algorithmic Predictions

At both institutions, the prediction of the agent’s type y is based on a set of observed

covariates. Formally, for any set of covariate indices I ⊆ {1, . . . , n} and pair of vectors

x, x′ ∈ Xn, define x ∼I x
′ if xi = x′

i for all i ∈ I, i.e., x and x′ are observationally equivalent

given the covariates in I. Further let ΠI(x) denote x’s equivalence class under ∼I , i.e.,

ΠI(x) = {x′ ∈ Xn | x′ ∼I x} ∀x ∈ Xn.

Recalling that covariates are uniformly distributed in the population, the average type within

x’s ∼I-equivalence class is given as follows.

Definition 1 (Prediction Based on I). For any covariate vector x ∈ Xn and set of covariate

indices I ⊆ {1, . . . , n}, define f̂I(x) :=
1

|ΠI(x)|
∑

x′∈ΠI(x)
f(x′).
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For instance, if f(x) is the agent’s probability of loan repayment, then f̂I(x) is the average

repayment probability among individuals who are indistinguishable from the agent given

their covariates in I.

Covariates are separated into two categories. Standard covariates, indexed by S =

{1, . . . , s}, correspond to attributes with well-understood implications that are routinely

collected for prediction. Nonstandard covariates, indexed by N = {s + 1, . . . , n}, corre-
spond to all other relevant attributes of the agent. In Example 1, standard covariates might

include credit scores, outstanding debts, and income and employment status, while nonstan-

dard covariates might include seasonal cash-flow patterns, customer reviews, point-of-sale

transaction data, supplier stability, and the business owner’s community reputation. In

Example 2, standard covariates might include prior diagnoses, family medical history, lab

tests and imaging results, while nonstandard covariates might include the patient’s religious

practices, genetic data, wearable device data, and financial circumstances.9

Both institutions collect the standard covariates S, but they differ in which nonstandard

covariates they collect.10 The algorithmic institution supplements the standard covariates

with a set of nonstandard covariates A ⊆ N . Specifically, the set A includes a fraction αb of

the nonstandard covariates, drawn from an arbitrary distribution on N that is independent

of the agent’s covariate vector x and the prediction problem f . The algorithm’s prediction is

then f̂S∪A(x) for the realized A. To simplify notation, for any set of nonstandard covariates

N ⊆ N , henceforth let

U f
x (N) = u

(
f̂S∪N(x), f(x)

)
denote the agent’s payoff when his true type is f(x) and the prediction about his type is

f̂S∪N(x). So the agent’s expected payoffs at the algorithmic institution are EA[U
f
x (A)].

At the human institution, the set S is instead supplemented by a personalized set

Hx,f ⊆ N . This set includes at most a fraction αh of the nonstandard covariates, where

αh < αb, reflecting that the human evaluator cannot process as many inputs as the algo-

rithm can. We interpret Hx,f as a small but personalized set of covariates revealed to the

human evaluator during an in-person interaction. The human evaluator’s prediction for the

9See Acosta et al. (2022) for further examples of nonstandard patient covariates that may be predictive,

but which are not currently used by clinicians for medical evaluations.
10Our results extend without change if the institutions collect a f -dependent subset of standard covariates,

If ⊆ S.
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agent with covariate vector x is f̂S∪Hx,f
(x), and the agent’s payoffs are U f

x (Hx,f ). Figure 1

summarizes the model.

Figure 1: The agent commits to either the algorithmic or human institution before the prediction problem

f is realized. Once f is known, the agent is evaluated by the chosen institution, where the algorithmic insti-

tution considers the random but standardized set of nonstandard covariates A, while the human institution

considers the targeted set Hx,f .

Rather than specifying a particular form for how the set of covariates Hx,f depends on

(x, f), we consider lower and upper bounds for the agent’s payoffs at the human institution.

Let Hn denote all subsets of N whose size does not exceed αhn (i.e., which respect the

human capacity constraint).

Definition 2. Say that the agent with covariate vector x robustly prefers the algorithm if

Ef,A

[
U f
x (A)

]
> Ef

[
max
H∈Hn

U f
x (H)

]
(1)

and robustly prefers the human if

Ef,A

[
U f
x (A)

]
< Ef

[
min
H∈Hn

U f
x (H)

]
(2)

The first part of Definition 2 compares the agent’s expected payoff under algorithmic eval-

uation with the best-case expected payoff under human evaluation, namely when the human

evaluator supplements the standard covariates in S with those (up to) αh · n nonstandard

covariates that maximize the agent’s payoffs. If the agent’s expected payoff is higher under
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algorithmic evaluation than under any human selection rule (i.e., any map from (x, f) to a

set of nonstandard covariates Hx,f ), we say that the agent robustly prefers to be evaluated by

the algorithm. The second part of the definition compares the agent’s expected payoff under

algorithmic evaluation with the worst-case expected payoff under human evaluation, namely

when the human evaluator observes those (up to) αh ·n covariates that minimize the agent’s

payoffs. If every human selection rule yields a higher payoff than algorithmic evaluation,

then we say that the agent robustly prefers to be evaluated by the human.11 In practice, we

would expect the set of revealed covariates Hx,f to lie somewhere between these extremes,12

but if we can rank the institutions under Definition 2 then that same ranking would hold for

any other model of Hx,f .

2.3 Uncertainty over the Prediction Problem f

When choosing between institutions, the agent does not know which prediction problem f

will materialize, but holds a prior belief f ∼ F satisfying the following condition.

Assumption 1 (Symmetry). For every fixed vector of standard covariates xS ∈ {0, 1}s,
there is a distribution πxS

∈ ∆([−y, y]) (independent of n) such that

f(xS, xN)
iid∼ πxS

across all vectors of nonstandard covariates xN ∈ {0, 1}n−s.13

The distribution πxS
over outcomes can be interpreted as the conditional belief about

the agent’s type given his covariates, but without knowledge of the prediction problem. This

assumption states that the agent’s type has the same distribution for all possible values of

the agent’s nonstandard covariates (although it can depend on the standard covariates).

Example 3. Suppose n = 2 where x1 is standard while x2 is nonstandard. Then there are

11In Section 5.2 we further discuss the extent to which these interpretations are valid when the evaluator

also updates her beliefs to the selection of covariates.
12Angelova et al. (2022) provide evidence that some judges condition on irrelevant defendant covariates

when predicting misconduct rates.
13All of our results extend if this i.i.d. assumption is replaced by an assumption of exchangeability.
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four possible covariate vectors.

x1 x2 f(x1, x2)

0 0 f(0, 0)

0 1 f(0, 1)

1 0 f(1, 0)

1 1 f(1, 1)

The assumption says that f(0, 0) and f(0, 1) are iid under the agent’s prior, while f(1, 0)

and f(1, 1) are iid under the agent’s prior.

The content of this assumption can be described in two parts. First, because the distri-

bution of f(xS, xN) does not depend on xN , the agent is agnostic about which nonstandard

covariates will matter and how they will matter in the realized prediction problem. For ex-

ample, before a patient knows which medical condition is relevant, he does not know whether

it will be more informative for his genetic profile or travel history to be queried, or in what

direction these features will influence the assessment.

Second, because the distribution πxS
does not depend on n, the total number of covariates

is not a measure of the amount of information. Instead, it measures the richness of the

informational environment and the potential complexity of the mapping f . When n is small,

the type y is completely determined from a small set of covariates, while when n is large,

the type potentially depends on many covariates. Under Assumption 1, growing n expands

the space of admissible mappings; that is, the type itself is no more or less predictable, but

the form that the predictive rule takes becomes potentially richer and more complex.14

Assumption 1 is crucially placed ex-ante on the agent’s prior, and not ex-post on the

realized prediction problem f . For example, the function f(x1, . . . , xn) = x1, which says that

the only covariate that matters is x1, is strongly asymmetric (x1 is differentiated from the

other covariates) and also features a single “large” covariate (the realization of x1 completely

determines y). Our assumptions do not rule out the possibility of this function, and indeed

one leading example is the one in which all prediction problems are possible and equally

likely.

14As n grows large, the smallest possible informational size of each covariate (in the sense of McLean and

Postlewaite (2002)) vanishes. But we do not require each covariate to be equally informationally relevant in

the realized function. So, for example, f(x1, . . . , xn) = x1 can be in the support of the agent’s beliefs for n

arbitrarily large (see Example 4).
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Example 4. Let y ∈ {0, 1}, in which case the space of possible prediction problems f : Xn →
Y can be identified with {0, 1}2n . Suppose that for each n, the agent has a uniform prior on

the set of all functions {0, 1}2n . Then Assumption 1 is satisfied.

In contrast, a simple example that is ruled out is when the outcome is perfectly predictable

from some small set of covariates.

Example 5. The type is equal to the value of the nonstandard covariate xi, where the index

i is drawn uniformly at random from N .

In Section 5, we extend our main results under different relaxations of Assumption 1.

Having placed this assumption, the standard covariates will no longer play any important

role in the analysis, so going forward we simplify exposition by setting S = ∅ and N =

{1, . . . , n}.

2.4 Discussion of Model

The interpretation of “algorithm” and “human.” In our model, a key distinction

between human and algorithmic evaluation is that the human can adapt which covariates

are acquired based on other properties of the agent, while the algorithm is based on a

pre-specified set of covariates. This is an appropriate description of the machine learning

algorithms typically deployed in the applications we have mentioned, which are usually su-

pervised machine learning algorithms pre-trained on a large data set. But new machine

learning algorithms, such as large language models, blur this distinction, and future eval-

uations (e.g., medical diagnoses) may be conducted by black box systems with which the

agent can communicate. From this more forward-looking perspective, our results can be

understood as comparing the merits of online versus offline learning. That is, is it better

to have an evaluator dynamically acquire information given feedback from the agent, or to

learn from a larger pre-specified set of covariates?

Strategic Disclosure. In Section 2.2, we interpret the quantities Ef

[
minH∈H U f

x (H)
]
and

Ef

[
maxH∈H U f

x (H)
]
as lower and upper bounds for the agent’s expected payoff at the human

institution. This is a suitable interpretation when covariate selection reveals no information

about the agent’s type—for instance, when the evaluator chooses H or updates her beliefs as

14



if H were chosen exogenously.15 However, if the agent strategically chooses which covariates

to reveal in a disclosure game and the evaluator updates her beliefs with respect to the

agent’s disclosure strategy, then whether these quantities bound the agents’ payoffs depends

on the agent’s information at the time of disclosure.16 In Section 5.2, we extend our model

to incorporate strategic disclosure and develop alternative lower and upper bounds suited to

that model. We show that our main results extend.

Human oversight of algorithms. Our stark separation between algorithmic and human

institutions is deliberately stylized, and intended to clarify two contrasting modes of evalua-

tion. In practice, many institutions adopt hybrid models, where AI provides guidance but a

human oversees the algorithm. While our analysis does not focus on this case, one natural

extension would compare (i) AI predictions based on a large set of standardized covariates

with (ii) AI–human predictions that supplement the covariates in (i) with a small, targeted

set of additional covariates chosen by the human. Taking the example from the introduction,

a human loan officer could realize that the borrower’s employment status was misleading in

the algorithm, and condition further on the borrower’s involvement in a startup. A straight-

forward implication of Theorem 1 is that the expected value of such targeted additions

vanishes as the covariate space grows. In other words, although algorithms can occasionally

be improved by incorporating new inputs, the measure of such cases is small.

3 The Value of Context

A key input towards understanding the comparison between the human and algorithmic

institutions is quantifying the extent to which predictions are responsive to individualized

context. This section formalizes a measure for this responsiveness and proves a result about

its importance when the set of covariates is rich.

15Jin et al. (2021) and Farina et al. (2023) find that the beliefs of experimental subjects fall somewhere

in between this naive benchmark and equilibrium beliefs, since subjects do not completely account for the

strategic nature of disclosure.
16This is because the agent may convey information about undisclosed covariates through the choice of

which covariates to reveal; for example, only revealing x1 if all of the remaining covariates are equal to 1.
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3.1 Definition and Examples

Definition 3 (Value of Context). For any n ∈ Z+, prediction problem f : Xn → Y, and

covariate vector x ∈ Xn, the value of context is

vn(f, x) = max
H∈Hn

U f
x (H)− U f

x (∅)

i.e., the best possible improvement in the agent’s utility when the evaluator additionally

observes up to αh · n covariates for the agent.

Whether the value of context is low or high depends on the structure of the prediction

problem and how it interacts with the agent’s covariate vector. We construct examples below

where the value of context can be as large as y (the upper bound on payoffs) and when it is

arbitrarily small.

Example 6 (The Value of Context is High). Let u(ŷ, y) = ŷ, i.e., the agent’s payoff is the

predicted type. There are n > 3 covariates x1, . . . , xn, where x1 is standard and x2, . . . , xn

are nonstandard. The prediction problem is

f(x1, . . . , xn) =

 y if x1 = x2

−y if x1 ̸= x2

That is, the meaning of the standard covariate is determined by the realization of a particular

nonstandard covariate.

Both institutions observe x1. The human institution additionally observes up to one co-

variate, while the algorithmic institution observes 90 covariates chosen uniformly at random

from {x2, . . . , xn}. The agent’s covariate vector is the vector of all ones.

Then the agent’s payoff is U f
x (∅) = 0 when the prediction is conditioned only on the

standard covariate x1, and it is U f
x ({2}) = y when the evaluator additionally observes the

best additional nonstandard covariate, x2. So the value of context is y. This example

illustrates settings where the correct interpretation of routinely collected covariates hinges on

a single contextual variable, so that the targeted acquisition of relevant context substantially

improves the agent’s payoffs.

Example 7 (The Value of Context is Low). Consider the above example with the alternative

prediction problem

f(x1, . . . , xn) =
1

n

n∑
i=1

xi.
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Then the agent’s payoff is U f
x (∅) =

(
1
n

)
·1+

(
n−1
n

) (
1
2

)
when the prediction is conditioned only

on the standard covariate x1, and it is
(
2
n

)
· 1 +

(
n−2
n

) (
1
2

)
if the prediction is additionally

conditioned on any nonstandard covariate. So the value of context is 1
2n
. This example

illustrates settings in which the outcome aggregates many equal contributions from different

covariates, so that the value of targeted acquisition is small.

Taking an expectation over the random prediction problem f ∼ F that the agent will

face, we obtain the following ex-ante version of the value of context.

Definition 4 (Expected Value of Context). For every n ∈ Z+ and x ∈ Xn, the expected

value of context is V (n, x) ≡ E [vn(f, x)] .

This quantity tells us the extent to which context can improve the agent’s payoffs in expec-

tation.

3.2 The Expected Value of Context Vanishes

Our main result says that as the covariate space becomes increasingly rich (i.e., as n grows

large), the expected value of context converges to zero for every agent.

Theorem 1. Suppose Assumption 1 holds. Then for every ε > 0 there is an Nε such that

V (n, x) < ε ∀x ∈ Xn, n > Nε

Thus, for any fixed ε > 0, there exists a covariate dimension Nε such that once the

number of potential covariates exceeds this threshold (n > Nε), then the expected benefit

that any agent x obtains from the possibility to provide context—as measured by V (n, x)—is

no larger than ε.

This result says that although the value of context may be large for certain realizations of

the prediction problems (such as Example 6), it does not matter in expectation. Intuitively,

as n grows large, prediction problems in which a small set of covariates are decisive become

increasingly rare under Assumption 1, so that—with bounded payoff functions—the value

of context is small on average across these problems. This also implies that for sufficiently

large n, the provision of context does not “typically” matter; that is, the probability that

the agent gains substantially from targeted information acquisition is small.
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The analysis (discussed in further detail in Section 3.3) hinges on a comparison of two

opposing forces. First, as n grows large, the number of distinct sets in Hn increases, expand-

ing the set over which maxH∈Hn U
f
x (H) is maximized. This increases the value of context.

On the other hand, we show that the difference between any U f
x (H) and U f

x (H
′) decreases as

n grows large, since the predictions f̂H(x) and f̂H′(x) are sample averages that concentrate

around their common expectation. What we have to determine is whether the growth rate

in the number of subsets of nonstandard covariates (of size ≤ αhn) is sufficiently large to

maintain a non-vanishing utility gap across these sets. The answer turns out to be no.

As this intuition suggests, Theorem 1 extends beyond the i.i.d. baseline in Assumption

1, since what matters is that the random prediction f̂H(x) concentrates on its expectation

sufficiently quickly as n grows large. We provide an abstract learning condition in Section

5.3 that formalizes this requirement. Additionally, we show in Section 5.4 that if the agent

has some knowledge about the predictiveness of nonstandard covariates, then the limiting

value of context is not zero but rather a quantity that reflects what the agent already knows.

3.3 Proof Sketch

The core of the proof of Theorem 1 is an argument that the extent to which context changes

the evaluator’s prediction in expectation vanishes in n. We outline that argument here. For

each n, there are Kn =
∑⌊αhn⌋

j=0

(
n
j

)
sets of αhn (or fewer) nonstandard covariates that can be

disclosed. Enumerate these sets as H1, . . . , HKn . Each set Hk induces a prediction

Zn
k ≡ f̂Hk

(x) =
1

|ΠHk
(x)|

∑
x′∈ΠHk

(x)

Yx′

where Yx′ := f(x′) denotes the (random) type for an agent with covariate vector x′ under

the (random) function f . Let Zn
∅ = f̂∅(x) denote the prediction of the agent’s type based

on his standard covariates only. We show that

E
[

max
1≤k≤Kn

Zn
k

]
− E[Zn

∅] → 0

so that context cannot (in expectation) substantially increase the prediction. After normal-

izing E[Zn
∅] = 0, this reduces to showing E[max1≤k≤Kn Z

n
k ] → 0.

There are two challenges to analyzing this quantity. First, the correlation structure

of Zn
1 , . . . , Z

n
Kn

can be complex: The variables Zn
k are neither independent (because the
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same type value Yx can appear as an element in different sample averages Zn
k , Z

n
k′) nor

identically distributed (because the sample averages are of different sizes depending on how

many nonstandard covariates are revealed). The second challenge is that the length of the

sequence (Zn
1 , . . . , Z

n
Kn

) grows exponentially in n. Thus even though each term within the

maximum eventually converges to a normally distributed random variable (with shrinking

variance), the errors of each term may in principle accumulate in a way that the maximum

grows large.

Our approach is to first construct new i.i.d. variables Z̃n
k , with the property that

E
[
max{Zn

1 , . . . , Z
n
Kn

}
]
≤ E

[
max{Z̃n

1 , . . . , Z̃
n
Kn

}
]

(3)

Applying a result from Chernozhukov et al. (2013), we show that max1≤k≤Kn Z̃
n
k (properly

normalized) converges to max1≤k≤Kn Z
Normal
k in distribution, where (due to properties of our

problem) ZNormal
k ∼iid N

(
0, 1

2n(1−αh)

)
. Having reduced the analysis to studying the expected

maximum of i.i.d. Gaussian variables, classic bounds apply to show that this quantity is

bounded above by
1√

2n(1−αh)

√
log(Kn). (4)

This display quantifies the importance of each of the two forces discussed in the previous

section. First, as n grows larger, the number of feasible predictions Kn =
∑⌊αhn⌋

j=0

(
n
j

)
≤

2n grows exponentially in n, increasing the expected value of context. But second, as n

grows larger, each Zk concentrates on its expectation, where its variance, 1
2n(1−αh) , decreases

exponentially in n. What the bound in display (4) tells us is that the exponential growth in

the number of variables is eventually dominated by the exponential reduction in the variance

of each variable, yielding the result.

4 Human versus Algorithmic Institution

We now turn to the question of which institution the agent prefers.

Assumption 2. The agent’s expected utility can be written as E[ϕ(ŷ)] for some twice con-

tinuously differentiable function ϕ.17

17Restricting to utility functions that depend on a posterior mean is a common assumption in the literature

on information design, see e.g., Kamenica and Gentzkow (2011), Frankel (2014) and Dworczak and Martini

(2019).
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Theorem 2. Suppose Assumptions 1 and 2 hold and suppose αb >
1+αh

2
. Then there exists

N > 0 such that for all n ≥ N :

(a) If ϕ is strictly convex, the agent robustly prefers the algorithmic institution;

(b) If ϕ is strictly concave, the agent robustly prefers the human institution.

The case of convex ϕ (Part (a)) corresponds to a preference for more accurate evalua-

tions.18 Such an agent prefers for the evaluation to be based on more information (advan-

taging the algorithmic institution), but also prefers for the evaluation to be based on more

relevant covariates (advantaging the human institution). We show that what eventually

dominates is how many covariates the evaluators observe, not how they are selected; thus

when the algorithmic prediction is based on sufficiently more covariates than the human

prediction, an agent who prefers accuracy eventually prefers the algorithmic institution.

Part (b) of Theorem 2 says that if instead ϕ is concave, and the human observes suf-

ficiently few covariates, then the agent eventually robustly prefers the human institution.

Loosely speaking, when the human prediction is based on only a few of many covariates,

then even the human’s worst-case selection bears little impact on the evaluation. Examples

8 and 9 illustrate decision problems that meet the conditions of each part of the theorem.

Example 8 (Accuracy). Suppose the agent’s type is y ∈ {0, 1}, and the evaluator chooses an

action a ∈ [0, 1] based on the observed covariates. The evaluator and agent share the utility

function −E[(a − y)2]; that is, both would like for the action to be as accurate as possible.

The evaluator’s optimal action is a = ŷ, and the agent’s expected payoff given this action

is E [−(ŷ − y)2] = E [− (y(1− ŷ)2 + (1− y)(ŷ)2)] = E [ϕ(ŷ)], where ϕ(ŷ) = ŷ2 − ŷ is convex.

Then Part (a) of Theorem 2 implies that the agent prefers evaluation by the algorithmic

institution in rich covariate spaces.19

18Consider any two sets of covariates A ⊂ A′ and let ŷA, ŷA′ be the corresponding posterior expectations.

The distribution of ŷA′ (i.e., the posterior expectation that conditions on more information) is a mean-

preserving spread of the distribution of ŷA. When ϕ is convex, the former leads to a higher expected utility.

Such an agent “prefers more accurate evaluations” in the sense that giving the evaluator better information

(in the standard Blackwell sense) leads to an improvement in the agent’s expected utility.
19Although the conditions of Theorem 2 are no longer met when y is not binary, we show in Appendix P.1

that the conclusion of Part (a) of Theorem 2 generalizes for arbitrary y given the mean-squared error payoff

function described in this example.
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Example 9 (Risk Aversion). Suppose that a borrower benefits from higher predictions of his

loan repayment probability, but is risk averse over this prediction. Specifically let his utility

function be u(ŷ, y) = ϕ(ŷ) for some increasing, concave, and twice continuously-differentiable

ϕ. Then Part (b) of Theorem 2 says that the agent prefers to be evaluated by the human

institution in rich covariate spaces.

Theorem 2 relies on Theorem 1, and in particular on the asymptotic rate of convergence

demonstrated in its proof. We briefly explain the case in which ϕ is strictly convex. Define

VA(n, x) = Ef,A[U
f
x (A)− U f

x (∅)]

to be an algorithmic analogue to the value of context, i.e., the expected payoff gain from

algorithmic evaluation relative to revealing only the standard covariates. Then Part (a)

of Definition 2 can be restated as saying that the agent robustly prefers the algorithmic

evaluator if

V (n, x) < VA(n, x). (5)

As n grows large, both quantities converge to zero: V (n, x) → 0 by Theorem 1 and

VA(n, x) → 0 by the Law of Large Numbers. Thus the question is which converges faster.

From the proof of Theorem 1, we can asymptotically upper-bound the value of context

as V (n, x) < an√
2(1−αh)n

, where an grows sub-exponentially. Using the convexity of ϕ, we

further establish the asymptotic lower-bound VA(n, x) >
b

2(1−αb)n
for some constant b. When

αb > 1+αh

2
, the denominator in the lower bound decreases more slowly than in the upper

bound, implying that V (n, x) converges to zero faster than VA(n, x).
20

In our setting, the absolute value of evaluation—whether algorithmic or human—vanishes

as the covariate space grows. This is not, however, central to our results: what matters is

the relative performance of the two approaches. To illustrate, suppose instead that outcomes

take the form y = f(x) + εn, where the noise term εn becomes increasingly concentrated

as n grows. If εn concentrates sufficiently quickly, then both V (n, x) and VA(n, x) converge

to strictly positive limits rather than vanishing, and yet the comparative advantage of the

algorithm persists.

20In the proof we go further by showing that when αb <
1+αh

2 and ϕ′(E[y]) ̸= 0, the implication of Theorem

2 fails to hold. The requirement ϕ′(E[y]) ̸= 0 is crucial here. If ϕ′(E[y]) = 0, the value of context converges

to 0 at a faster rate that what we demonstrate in Theorem 2. This implies that the agent can robustly prefer

the algorithmic institution even when αb <
1+αh

2 .
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The precise value of threshold N in Theorem 2 depends on two factors—how fast the

ex-ante random evaluations f̂ converge to their Gaussian approximations, and how fast these

Gaussian counterparts converge to their mean. We separate these two factors in the result

below.

Corollary 1. Define

Nf = min

{
n0 ∈ R+ : E

[
max

1≤k≤Kn

|Zn
k |
]
≤

√
2√

2(1−αh)n

√
log(2Kn) ∀n ≥ n0

}

Nϕ = min

{
n ∈ R+ :

(
αb −

αh + 1

2

)
n− 1

2
log2(n+ 1) > log2

(
2
√
2
M1

M2

)}
.

where Zn
k is as defined in Section 3.3 and M1 = maxŷ∈[−y,y] |ϕ′(ŷ)| andM2 = minŷ∈[−y,y] |ϕ′′(ŷ)|.

The conclusions of Theorem 2 hold for any n ≥ max{Nf , Nϕ}.

The corollary identifies a finite threshold n beyond which Theorem 2 applies. The thresh-

old is the larger of two values, Nf and Nϕ, where Nf depends only on the agent’s uncertainty

over the prediction problem, while Nϕ, depends only on the agent’s utility function.

In more detail, the quantity Nf is the smallest n for which E [max1≤k≤Kn |Zn
k |] is suffi-

ciently small for our asymptotic bound on its size (used in the proof of Theorem 2) to apply.

Since we demonstrated in the proof of Theorem 1 that E [max1≤k≤Kn |Zn
k |] vanishes as n

grows large, Nf is finite.

The quantity Nϕ is determined by two statistics of the agent’s utility function: M1, the

maximum slope of ϕ, and M2, the minimum curvature (in absolute value). Intuitively, M1

measures how sensitive ϕ is to the prediction ŷ, while M2 measures how strongly ϕ penalizes

variation. A smaller ratio M1/M2 implies that Nϕ is smaller. This ratio plays a similar

role to the coefficient of absolute risk aversion, which also compares the slope of the agent’s

payoff to its curvature.21

We next show that max{Nf , Nϕ} can be small in practice.

Example 10. As in Example 8, suppose the agent’s utility is ϕ(ŷ) = ŷ2 − ŷ, and let the

outcome distribution πxS
be Bernoulli on {0, 1} with mean 1/3. Using 1000 Monte Carlo

draws, we estimate E [max1≤k≤Kn |Zn
k |] for each n and compare it with the asymptotic bound.

This yields an estimate of N̂f = 10.

21Recall that the coefficient of absolute risk aversion of the function ϕ is − ϕ′(ŷ)
ϕ′′(ŷ) .
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For the utility function, M1 = 1 and M2 = 2, so Nϕ = 6. Figure 2 fixes αh = 0.1 and

plots Nϕ against varying values of αb. Taken together (and assuming Nf is our estimate N̂f ),

these computations imply that if the human institution observes 10% of covariates and the

algorithmic institution observes 90%, then the comparisons in Theorem 2 already hold for

all n ≥ 10.

Figure 2: Let ϕ(ŷ) = ŷ2 − ŷ and αh = 0.1. Then Nϕ is depicted here as a function of αb.

5 Extensions

We now show that we are able to strengthen our main results in the following ways. Section

5.1 shows that not only does the expected value of context vanish for each individual agent,

but also the expected maximum value of context across agents vanishes. In Section 5.2, we

show that our main results extend when the agent and evaluator interact in a disclosure

game, wherein the evaluator updates his beliefs to the agent’s strategic choice of what to

disclose. Section 5.3 provides an abstract condition on the learning environment under which

our main results hold, which requires the evaluator’s uncertainty about the agent’s type to

grow sufficiently fast in n. Finally, in Section 5.4 we allow the agent to have prior knowledge

about the role of certain nonstandard covariates.
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5.1 Max Value of Context Across Agents

So far we have studied the expected value of context for a single agent. We next show that

our results extend to the expected maximum value of context in the population, as defined

below.

Definition 5. For any n ∈ Z+, the expected maximum value of context is

V max(n) = E
[
max
x∈Xn

vn(f, x)

]
.

Corollary 2. Suppose Assumption 1 holds. Then the expected maximum value of context

vanishes as n grows large, i.e., limn→∞ V max(n) = 0.

Thus, the expected value of context vanishes uniformly across agents in the population. It

is immediate that Theorem 1 extends in any generalization of our model in which the agent

has uncertainty not only over the prediction problem f but also over his covariate vector x.

In fact, the proof demonstrates that the rate of convergence is sufficiently fast that Theorem

2 extends as well.

5.2 Strategic Disclosure

So far we’ve remained agnostic as to whether the agent or human evaluator chooses which

nonstandard covariates are observed, assuming that in either case the evaluator updates

as if the covariates were revealed exogenously. We now consider a more traditional disclo-

sure game, in which the agent chooses nonstandard covariates to disclose, and the human

evaluator updates her beliefs about the agent’s type given the agent’s disclosure rule.

For any fixed prediction problem f , call the following an f -context disclosure game: There

are two players, the agent and the evaluator. The prediction problem f has been realized

and is common knowledge across the players.22 The set of possible disclosures D is the set

of all pairs (H, (xi)i∈H) consisting of a set of nonstandard covariates H ∈ Hn and values for

those covariates. A disclosure d = (H, (x′
i)i∈H) is feasible for an agent with covariate vector

(x1, . . . , xn) if the disclosed covariate values are truthful, i.e., xi = x′
i for every i ∈ H.

22We do not interpret this assumption literally. At the other extreme where f is unknown to the agent,

there is no informational content in which covariates the agent chooses to reveal, and our original interpre-

tation applies.
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The agent chooses a disclosure strategy, which is a map σ : Xn → D from covariate

vectors to feasible disclosures. The agent then privately observes his covariate vector x and

discloses σ(x). The evaluator observes this disclosure and chooses an action ŷ. That is, the

evaluator’s strategy is a function σE : D → [−y, y]. The evaluator’s payoff is −(ŷ − y)2 and

the agent’s payoff is some function u(ŷ).

In this section we focus on pure strategy Perfect Bayesian Nash equilibria (PBE) of this

game, henceforth simply equilibria. (A similar result holds for mixed strategy equilibria,

which is demonstrated in the appendix.)

Definition 6. Let vD(f, x) denote the highest payoff gain that an agent with covariate vector

x receives in any pure-strategy equilibrium of the f -context disclosure game. The expected

maximum value of context disclosure is

V D(n) = E
[
max
x∈Xn

vD(f, x)

]
.

We show that the best payoff gain that an agent can receive in any pure strategy f -context

equilibrium is bounded above by the maximum value of context across agents.

Proposition 1. Suppose Assumption 1 holds. Then for all n, V D(n) ≤ V max(n).

Thus, applying Proposition 1 and Corollary 2, our previous results extend.

5.3 Sufficient Residual Uncertainty

Here we provide an abstract condition on the evaluator’s learning environment, under which

Theorem 1 extends.

For each n, let Dn denote the set of all disclosures respecting the human evaluator’s

capacity constraint, i.e., all pairs (H, (xi)i∈H) consisting of a set H with ⌊αh · n⌋ or fewer

nonstandard covariates, and values (xi)i∈H for those covariates. Further define D = ∪n≥1Dn

to be the set of all disclosures.

Similarly, for each n let Fn be the set of all prediction problems f : Xn → [−y, y],

and define F = ∪n≥1Fn. An evaluation rule is any family ρ = (ρf )f∈F where each ρf :

D → [−y, y] maps disclosures into evaluations for the given function f . Finally, fixing any

update rule ρ, number of covariates n, and disclosure d ∈ Dn, let Z
n
d = ρf (d) be the random

evaluation when f is drawn from Fn according to the agent’s prior.
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We impose two assumptions below on the evaluation rule. The first says that the expected

evaluation Zn
d is equal to the prior expected type µ ≡ E[Y ]; the second says that the

distribution of the evaluation concentrates on µ sufficiently fast as the number of hidden

covariates n grows large. Intuitively, the assumption requires that as the number of residual

unknowns—i.e., the covariates which are predictive of the type, but are not revealed to the

evaluator—grows large, the informativeness of any fixed disclosure becomes small.23

Assumption 3 (Unbiased). E[Zn
d ] = µ for every disclosure d.

Assumption 4 (Fast Concentration). For any sequence of feasible disclosures (dn)n≥1,

V ar(Zn
dn) = o

(
1

Kn

)
where Kn =

∑⌊αhn⌋
j=0

(
n
j

)
is the number of unique sets I ⊆ {1, . . . , n} with αhn or fewer

elements.

These assumptions do not in general represent a weakening of our main model. Previously

we studied the evaluation rule f̂ mapping each disclosure into the conditional expectation of

the agent’s type, and imposed Assumption 1 on the agent’s prior about f . In this model, the

evaluation Zn
d for any disclosure d = (I, (xi)i∈I) could be represented as a sample average

consisting of 2n−|I| elements. Assumption 3 is clearly satisfied (because the update rule is

Bayesian), but one can select a sequence of disclosures (dn) such that V ar(Zn
dn
) = 1

2(1−αh)n (see

the proof of Theorem 1 for details). Thus the speed of convergence demanded in Assumption

4 need not be met when αh is sufficiently large.

Nevertheless, Assumption 4 identifies the qualitative property of our main setting that

gave us Theorem 1: residual uncertainty must have the power to overwhelm any information

revealed through disclosure. Under these assumptions, our main result extends.

Proposition 2. Suppose Assumptions 3 and 4 hold. Then for every ε > 0 there is an Nε

such that V (n, x) < ε for all x ∈ Xn and n > Nε.

Thus neither the precise symmetry imposed by Assumption 1, nor the assumption of

Bayesian updating in our main model, are crucial for Theorem 1.

23In the limit with an uninformative disclosure, the distribution of the evaluation is degenerate at the

prior expectation µ for any Bayesian updating rule.
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5.4 Systematic Effects for Nonstandard Covariates

Assumption 1 imposes symmetry across all nonstandard covariates. We now relax this

assumption to allow agents to possess systematic knowledge about some nonstandard co-

variates.

To accommodate this generalization, we reinterpret our previous notation so that S
indexes covariates with known effects and N indexes covariates with unknown effects. We

then consider prediction based on subsets of S ∪ N , where n = |S| + |N | denotes the total

number of covariates. In a slight abuse of notation, subsequently let U f
x (I) = u

(
f̂I(x), f(x)

)
.

This differs from our previous notation in that I is now inclusive of all of the observed

covariates.24

Define

Umax
n = Ef

[
max
x∈Xn

max
H⊆S∪N ,|H|≤αhn

U f
x (H)

]
to be the expectation of the highest payoff achievable by any agent in the population when at

most αn covariates are revealed to the evaluator. This choice is over both standard covariates

(with known effects) and nonstandard covariates (with unknown effects), thus capturing the

possibility that the agent may have prior information about the covariates are revealed after

the realization of f . The following result establishes the limiting value of this quantity as n,

the richness of the covariate space, grows large.

Proposition 3. Suppose Assumptions 1 and 2 hold. Then

lim
n→∞

Umax
n = lim

n→∞
max

xS∈{0,1}s
ϕ
(
E
(
f̂∅(xS)

))
where E[f̂∅(xS)] is the expectated prediction for an agent with standard covariates xS, when

only those standard covariates are observed.25

In other words, the limiting expected value of context is simply what the most favorably

positioned agent could achieve by revealing their standard covariates. Thus an agent knows

a priori that they have favorable context to share may prefer human evaluation, since this

gives them the chance to share that context. But they should not expect to be able to gain

24Previously we had Uf
x (I) = u

(
f̂S∪I(x), f(x)

)
.

25We abuse notation here slightly. For any fixed standard covariate vector xS , ϕ
(
E
[
f̂∅(xS , xN )

])
=

ϕ
(
E
[
f̂∅(xS , x

′
N )
])

for any two xN , x′
N ∈ N , justifying our simplified notation f̂∅(xS).
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additional advantage ex post by revealing context tailored to the realized prediction problem.

This finding reinforces our central message that unexpected context—information whose

relevance could not be anticipated ex ante—has diminishing value in complex informational

environments. While agents may benefit from revealing favorable context they know to be

relevant, the capacity to leverage unanticipated context becomes increasingly limited as the

complexity of the environment grows large.

6 Conclusion

One argument against replacing human experts with algorithms is that no matter how large

the set of algorithmic inputs, the set of potentially relevant circumstances and characteristics

is still more numerous. In cases where some important fact is missed by a human evaluator,

it is often possible to correct this oversight. There is no such safety net with an algorithmic

institution.

This is a compelling narrative, yet our results suggest that it may be less important than

it initially seems. When there is a large number of nonstandard covariates that may matter

for the prediction problem, but the agent does not know which specific prediction problem

will be relevant, then the expected value of disclosing additional information is small—even

when we assume that the agent can identify the most useful covariates to disclose, and that

the claims about these covariates are taken at face value.

In contrast, if the agent has substantial prior knowledge about the predictive roles of

the nonstandard covariates, then our conclusion will not be appropriate. In particular, if

there is a small set of covariates that predict the type and can be fully disclosed (as in

Example 5), or if some nonstandard covariates have known effects (as in Section 5.4), then

the expected value of disclosing additional information may be large. We thus view our

results as revealing that the value of targeted information acquisition depends critically on

the extent of available “structural information” about the numerous covariates that might

serve as explanations.
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A Proof of Theorem 1

To simplify the exposition of the proof, we subsequently set |S| = s and |N | = n, i.e., there

are s standard covariates and n nonstandard covariates.

A.1 Preliminaries and Notation

Fix any n ∈ Z+ and any covariate vector xn ∈ {0, 1}n. After observing the agent’s standard

covariates xS = (x1, . . . , xs), the evaluator’s belief about the agent’s full covariate vector has

support on the 2n covariate vectors whose first s entries are xS. Let these covariate vectors

be labeled by xj where j = 1, . . . , 2n, and define Yj = f(xj) to be the (random) type given

covariate vector xj. By Assumption 1, there is some distribution πxS
∈ ∆([−y, y]) such that

Yj ∼iid πxS
.

Recall from the main text that Hn denotes the set of all feasible disclosures, i.e., all

subsets of nonstandard covariates whose size does not exceed hn = ⌊αhn⌋. There are Kn =∑hn

k=0

(
n
k

)
such subsets, which we can enumerate as H1, . . . , HKn . For each Hk, let Sk ={

j : xj
i = xi for all i ∈ S ∪Hk

}
be the set of labels for those covariate vectors xj that agree

with the agent’s covariate vector in entries S ∪Hk.

Further define

Zn
k ≡

∑
j∈Sk

Yj

|Sk|
.

to be the prediction of the agent’s type given his nonstandard covariates in Hk. The special

case

Zn
∅ ≡ 1

2n

2n∑
j=1

Yj

corresponds to disclosure of no nonstandard covariates. (Although Zn
∅ = Zn

k for some k,

we will use this more evocative notation when we want to highlight this special case.) To

simplify notation, we subsequently drop the superscript n on both Zn
k and Zn

∅.

A.2 Outline of Proof

Section A.3 proves the following result, which says that the difference between the highest

prediction and the prediction µ ≡ E[Zn
∅] vanishes as the number of covariates grows large.

Proposition A.1. limn→∞ E[max1≤k≤Kn Zk − µ] = 0.
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Section A.4 strengthens this to the statement that the expected absolute difference between

the highest prediction and µ vanishes.

Proposition A.2. limn→∞ E[max1≤k≤Kn |Zk − µ|] = 0.

Section A.5 finally applies the above proposition to demonstrate the conclusion of the theo-

rem, i.e., that

lim
n→∞

V (n, xn) = lim
n→∞

E
[

max
1≤k≤Kn

u(Zk, Y )

]
− E [u (Zn

∅, Y )] = 0

Thus in expectation the largest possible utility also vanishes. Since Assumption 1 implies

that V (n, xn) does not depend on xn, we simply write V (n) going forward.

A.3 Proof of Proposition A.1

Statement of the proposition: limn→∞ E[max1≤k≤Kn Zk − µ] = 0.

The quantity E[max1≤k≤Kn Zk] is the expected first-order statistic of a sequence of non-i.i.d.

variables Z1, . . . , ZKn . The proof is organized as follows. In Sections A.3.1 and A.3.2, we

define i.i.d. variables Ziid
k with the property that

E [max{Z1, . . . , ZKn}] ≤ E
[
max{Ziid

1 , . . . , Ziid
Kn

}
]
. (A.1)

In Sections A.3.3 and A.3.4, we show that the RHS of the above display converges to µ as n

grows large.

A.3.1 Replacing Zk’s with independent variables Zind
k

In general, disclosures k and k′ may lead to posterior expectations Zk and Zk′ that are

correlated due to the presence of the same Yi’s across the different sample averages. We first

show that replacing these Zk’s with properly defined independent random variables weakly

increases the value of context.

Definition A.1. For each 1 ≤ k ≤ Kn define

Zind
k =

∑|Sk|
j=1 Y

k
j

|Sk|

where Y k
j ∼iid πxS

, so that each Zind
k has the same distribution as Zk, but the vector

(Zind
1 , . . . , Zind

K ) is mutually independent.
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Lemma A.1. Let Vn ≡ E[maxZ1, ..., ZKn ] and V ind
n ≡ E[max{Zind

1 , ..., Zind
Kn

}]. Then Vn ≤
V ind
n for all n ∈ Z+.

Proof. Throughout we use X ⪰ Y to mean that the distribution of X first-order stochasti-

cally dominates the distribution of Y .

Sublemma 1. Let X1,..., XQ,W be a sequence of real-valued random variables (not neces-

sarily i.i.d.). Let a1 > a2 > ... > aQ−1 > aQ > 0 be a sequence of positive constants. Further,

let Y1, ..., YQ be i.i.d. random variables, independent of (X1, . . . , XQ,W ). Define

MC = max
i∈{1,...,Q}

{Xi + aiY1}

MI = max
i∈{1,...,Q}

{Xi + aiYi}

Then MI ⪰ MC and max{MI ,W} ⪰ max{MC ,W}.

Proof. For q ∈ {1, ..., Q} define:

M q
C = max

{
max

i∈{1,...,q−1}
{Xi + aiY1}, Xq + aqY1

}
M̃ q

C = max

{
max

i∈{1,...,q−1}
{Xi + aiY1}, Xq + aqYq

}
so that M q

C is the maximum of the first q terms in MC , and M̃ q
C replaces Y1 in the q-th term

of M q
C with Yq. We first demonstrate an analogue of the desired conclusions for M q

C and M̃ q
C .

Sublemma 2. M̃ q
C ⪰ M q

C and max{M̃ q
C ,W} ⪰ max{M q

C ,W}.

Proof. Without loss of generality set aq = 1. We’ll first show that M̃ q
C ⪰ M q

C . To establish

first-order stochastic dominance, we need to show that for all t ∈ R it holds that P(M q
C ≤

t)− P(M̃ q
C ≤ t) ≥ 0. For each i ∈ {1, ..., q − 1} define the event

Bi := {Xq + Y1 > Xi + aiY1} ≡
{
Y1 <

1

ai − 1
(Xq −Xi)

}
.

Further let

B =

q⋂
i=1

Bi =

{
Y1 < min

i∈{1,...,q−1}

1

ai − 1
(Xq −Xi)

}
be the event that Xq + Y1 achieves the maximum among {Xi + aiY1}qi=1. We’ll show that

the FOSD rankings in Sublemma 2 hold both on event B and also on its complement Bc.
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Define

B̃ :=

(
Yq < min

i∈{1,...,q−1}

{
1

ai − 1
(Xq −Xi)

})
to be the event that Xq + Yq achieves the maximum among {Xi + aiYq}qi=1. Then

M̃ q
C |B ⪰ (Xq + Yq)|B

d
= Xq|B + Yq since Yq ⊥⊥ (X1, . . . , Xq, Y1)

⪰ Xq|B + Yq|B̃ since Yq ⪰ Yq | B̃
d
= Xq|B + Y1|B since Y1 | B

d
= Yq | B̃

d
= (Xq + Y1)|B

d
= M q

C |B

Thus M̃ q
C |B ⪰ M q

C |B.

Now consider the event Bc, on which Xq + Y1 does not achieve the maximum among

{Xi + aiY1}qi=1. Then either X1 + Yq ≤ max{Xi + aiY1}q−1
i=1 , in which case M̃ q

C = M q
C , or

X1 + Yq > max{Xi + aiY1}q−1
i=1 , in which case M̃ q

C > M q
C . So

M̃ q
C |B

c ⪰ max{X1 + a1Y1, ..., Xq−1 + aq−1Y1}|Bc d
= M q

C |B
c.

and hence M̃ q
C |Bc ⪰ M q

C |Bc.

Now we show that max{M̃ q
C ,W} ⪰ max{M q

C ,W}. For any realization w of W , let

Xw
i denote the conditional random variable Xi|W = w. Define M q,w

C and M̃ q,w
C identically

to M q
C and M̃ q

C , replacing each Xi by Xw
i . Then by independence of W and (Y1, . . . , Yq),

the distribution of max{M q,w
C , w} is identical to that of max{M q

C ,W}|W = w, and the

distribution of max{M̃ q,w
C , w} is identical to that of max{M̃ q

C ,W}|(W = w).

Applying the first part of this sublemma to M q,w
C and M̃ q,w

C , we conclude that M q,w
I ⪰

M q,w
C . Since max{., w} is an increasing convex function, it preserves the first-order stochastic

dominance relation and hence max{M̃ q
C ,W}|(W = w) ⪰ max{M q

C ,W}|(W = w). This

argument holds pointwise for all w so max{M̃ q
C ,W} ⪰ max{M q

C ,W} as desired.

We now complete the proof that max{MC ,W} ⪰ max{MI ,W}. From similar (omitted)

arguments it follows that MI ⪰ MC . For each q ∈ {1, . . . , Q− 1} define

M̂ q
C = max

{
max{Xi + aiY1}qi=1,max{Xi + aiYi}Qi=q+1,W

}
observing that max{MI ,W} = M̂1

C and that M̂Q
C ⪰ max{MC ,W} (by Sublemma 2). More-

over for each q ∈ {1, . . . , Q− 1}, we have M̂ q
C = max {M q

C ,W
q} and M̂ q−1

C = max{M̃ q
C ,W

q}
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where W q = max
{
max{Xi + aiYi}Qi=q+1,W

}
is independent of (Y1, . . . , Yq−1). So applying

Sublemma 2, M̂ q−1
C ⪰ M̂ q

C as desired.

Finally, we use Sublemma 1 to establish Lemma A.1, i.e., the expected value of context

weakly increases if we make the Y ’s within different disclosures independent. We will prove

this iteratively. For arbitrary n ∈ N, define the random variable

M = max{Z1, . . . , ZKn} = max

{∑
j∈S1

Yj

|S1|
, . . . ,

∑
j∈SKn

Yj

|SKn|

}
.

Fix any Yi. We will show that replacing Yi across different sample averages with independent

copies of this random variable leads to a FOSD increase in the distribution of M .

Let I = {k : i ∈ Sk} be the set of indices of sample averages which contain Yi. Then we

can rewrite the previous display as

max

{
max
k∈I

∑
j∈Sk

Yj

|Sk|
, max

k/∈I

∑
j∈Sk

Yj

|Sk|

}
or

max

{
max
k∈I

{
Xk +

1

|Sk|
Yi

}
,W

}
(A.2)

whereXk ≡ 1
|Sk|
∑

j∈Sk,j ̸=i Yj for each k ∈ I, andW ≡ maxk/∈I

∑
j∈Sk

Yj

|Sk|
. Because (Y1, . . . , YKn)

are mutually independent, Yi is independent of each Xk and W . So applying Lemma 1, the

random variable in (A.2) has a distribution that is first-order stochastically dominated by

the distribution of

max

{
max
k∈I

{
Xk +

1

|Sk|
Y k
i

}
,W

}
as desired. Since Yi is arbitrary, this concludes the proof.

A.3.2 Replacing Zind
k with i.i.d. Variables Ziid

k

The variables Zind
1 , . . . , Zind

Kn
are sample averages of unequal sizes ranging between 2n−hn and

2n elements. We next show that replacing each of these variables with a sample average of

2n−hn elements (the smallest size) weakly increases the value of context.

Definition A.2. For each 1 ≤ k ≤ Kn define

Ziid
k =

∑2n−hn

j=1 Y k
j

2n−hn

to be the analogue of Zind
k with 2n−hn elements instead of |Sk| ≥ 2n−hn, so that the variables

Ziid
1 , . . . , Ziid

Kn
are iid.
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Lemma A.2. Let V iid
n ≡ E

[
max{Ziid

1 , . . . , Ziid
Kn

}
]
. Then V ind

n ≤ V iid
n for all n ∈ Z+.

Proof. We use the following result.

Sublemma 3. Suppose Y1, Y2, . . . , Yn are independent and identically distributed random

variables, and define Y n = 1
n

∑n
i=1 Yi to be their sample average. Let n′ < n and define

Y n′ = 1
n′

∑n′

i=1 Yi. Then the distribution of Y n′ is a mean-preserving spread of the distribution

of Y n.

Proof. First observe that E[Yj | Y n] = Y n for any j = 1, . . . , n, since

Y n = E[Y n | Y n] =
1

n

n∑
i=1

E[Yi | Y n] = E[Yj | Y n]

where the final equality follows by assumption that the Yi’s are iid. Then E[Y n′ | Y n] =

1
n′

∑n′

i=1 E[Yi | Y n] =
1
n′

∑n′

i=1 Y n = Y n and the distribution of Y n′ is a mean-preserving

spread of the distribution of Y n as desired.

This lemma implies that each Ziid
k second-order stochastically dominates Zind

k (since

|Sk| ≥ 2n−hn for all k). The result then follows by Jensen’s inequality, since the entries of

(Zind
1 , . . . , Zind

K ) are (by construction) independent and maximum is a convex function.

A.3.3 Asymptotic Normality

Lemma A.3. Let V N
n ≡ E

[
max{ZN

1 , . . . , ZN
Kn

}
]
where ZN

k ∼ N
(
µ, 1

2n−hn

)
. Then

lim
n→∞

|V iid
n − V N

n | = 0.

Proof. Without loss of generality, let V ar(Y k
j ) = 1.26 First observe that

√
2n−hn · V iid

n = E
[
max{Z̃iid

1 , . . . , Z̃iid
Kn

}
]

where each Z̃iid
k = 1√

2n−hn

∑2n−hn

i=1 Y k
i . Similarly we can write

√
2n−hn · V N

n = E
[
max{Z̃N

1 , . . . , Z̃N
Kn

}
]

where each Z̃N ∼iid N (µ, 1) . When the assumptions for Corollary 2.1 from Chernozhukov

et al. (2013) are met (to be verified momentarily), we can conclude that

ρ
(
max{Z̃iid

1 , . . . , Z̃iid
Kn

},max{Z̃N
1 , . . . , Z̃N

Kn
}
)
→ 0

26If V ar(Y k
j ) = 0, the statement of Theorem 1 holds trivially.

37



where ρ denotes Kolmogorov distance. Thus also

ρ(M iid
n ,MN

n ) → 0 (A.3)

where M iid
n = 1√

2n−hn
max{Z̃iid

1 , . . . , Z̃iid
Kn

} and MN
n = 1√

2n−hn
max{Z̃N

1 , . . . , Z̃N
Kn

}.
By assumption, each Y k

i is supported on [−y, y] for some finite y. This implies |M iid
n | ≤ y

for all n, so the sequence (M iid
n )n is uniformly integrable. The convergence in (A.3) thus

implies limn→∞
∣∣E [M iid

n

]
− E

[
MN

n

]∣∣ = limn→∞ |V iid
n − V N

n | = 0 as desired.

It remains to verify that the conditions of Corollary 2.1 from Chernozhukov et al. (2013)

are met. This follows from the assumption that Y k
j ’s are uniformly bounded, and the obser-

vation that (
log(Kn · 2n−hn)

)7
2(1−c)(n−hn)

n→∞−−−→ 0

for any c ∈ (0, 1), since Kn =
∑hn

j=0

(
n
j

)
≤ 2n by the Binomial Theorem and αh < 1.

A.3.4 Upper Bound for Expected Maximum of Gaussians

Finally by Berman (1964), which provides an asymptotic upper bound for the expected

maximum of independent Gaussian random variables

V N
n ≤ 1√

2n−hn

·
√

2 log(Kn) ≤
1√

2n(1−αh)
·
√
2n

where the final expression converges to zero as n → ∞ by assumption that αh < 1. Since

clearly E[max1≤k≤Kn Zk − µ] ≥ 0, this concludes the proof of Proposition A.1.

A.4 Proof of Proposition A.2

Statement of the proposition: limn→∞ E[max1≤k≤Kn |Zk − µ|] = 0.

In an abuse of notation, let Zk ≡ Zk − µ denote de-meaned sample average. Note that

the de-meaned average Zk ∈ [−2y, 2y] is uniformly bounded. By rewriting the max within

the expectation we obtain

E
[

max
1≤k≤Kn

|Zk|
]
= E

[
max

{
max

1≤k≤Kn

Zk,− min
1≤k≤Kn

Zk

}]
≤ E

[
max

{
max

1≤k≤Kn

{Zk} , 0
}]

+ E
[
max

{
− min

1≤k≤Kn

{Zk} , 0
}]
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We will show that each term of this final expression converges to zero. Observe that

E
[
max

{
max

1≤k≤Kn

{Zk} , 0
}]

= P
(

max
1≤k≤Kn

Zk ≥ 0

)
· E
[

max
1≤k≤Kn

Zk | max
1≤k≤Kn

Zk ≥ 0

]
(A.4)

Moreover,

E
[

max
1≤k≤Kn

Zk

]
= P

(
max

1≤k≤Kn

Zk ≥ 0

)
· E
[

max
1≤k≤Kn

Zk | max
1≤k≤Kn

Zk ≥ 0

]
+ P

(
max

1≤k≤Kn

Zk < 0

)
· E
[

max
1≤k≤Kn

Zk | max
1≤k≤Kn

Zk < 0

]
so

P
(

max
1≤k≤Kn

Zk ≥ 0

)
· E
[

max
1≤k≤Kn

Zk | max
1≤k≤Kn

Zk ≥ 0

]
=

= E
[

max
1≤k≤Kn

Zk

]
− P

(
max

1≤k≤Kn

Zk < 0

)
· E
[

max
1≤k≤Kn

Zk | max
1≤k≤Kn

Zk < 0

]
From Lemma A.1, limn→∞ E [max1≤k≤Kn Zk] = 0. Moreover, we showed in Section A.3.1 that

the distribution of (Zind
1 , . . . , Zind

Kn
) first-order-stochastically-dominates that of (Z1, . . . , ZKn),

so

P
(

max
1≤k≤Kn

Zk < 0

)
≤ P

(
max

1≤k≤Kn

Zind
k < 0

)
≤

∏
1≤k≤Kn

P(Zind
k < 0)

which converges to zero as n grows large. Indeed, because every Zind
k is a sample mean of

at least 2n−hn zero-mean draws, the Chebyshev inequality gives a uniform constant δ > 0

such that P(Zind
k < 0) ≤ 1 − δ for all large n. Since Kn grows at least exponentially in n,

(1− δ)Kn ≤ exp(−δ2cn) → 0, which completes the argument. Finally,

E
[

max
1≤k≤Kn

Zk | max
1≤k≤Kn

Zk < 0

]
∈ [−2y, 2y] (A.5)

uniformly across n. Putting together (A.4) - (A.5) we have that

lim
n→∞

E
[
max

{
max

1≤k≤Kn

{Zk} , 0
}]

= 0

as desired. The argument that limn→∞ E [max {−min1≤k≤Kn {Zk} , 0}] = 0 follows identi-

cally, observing that Proposition A.1 is satisfied for Ỹ ≡ −Y , and that

− min
1≤k≤Kn

Zk = max
1≤k≤Kn

−
∑

j∈Sk
Yj

|Sk|
= max

1≤k≤Kn

∑
j∈Sk

Ỹj

|Sk|
.
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A.5 Concluding the proof of Theorem 1

Recall that Zn
∅ ≡ 1

2n

∑2n

j=1 Yj denotes the (random) posterior expectation when the agent

chooses not to disclose any nonstandard covariates. Clearly V (n) ≥ 0 (since the agent can

always choose to disclose nothing). Also

V (n) = E
[

max
1≤k≤Kn

u(Zk, Y )

]
− E [u(Zn

∅, Y )] ≤ E
[

max
1≤k≤Kn

|u(Zk, Y )− u(Zn
∅, Y )|

]
Each absolute difference |u(Zk, Y )−u(Zn

∅, Y )| can be bounded from above using the triangle

inequality

|u(Zk, Y )− u(Zn
∅, Y )| ≤ |u(Zk, Y )− u(µ, Y )|+ |u(µ, Y )− u(Zn

∅, Y )| (A.6)

Since u is by assumption Lipschitz continuous in the first argument, there is a constant

B such that |u(zk, y) − u(µ, y)| ≤ B|zk − µ| and |u(µ, y) − u(z∅, y)| ≤ B|z∅ − µ| for any

realizations zk and z∅ of Zk and Zn
∅. Combining these inequalities, we get

V (n) ≤ B

(
E
[

max
1≤k≤Kn

|Zk − µ|
]
+ E [|Zn

∅ − µ|]
)

First, note that E[Zn
∅] = µ. Moreover, by assumption that each Y is uniformly bounded

above and below, the sequence (Zn
∅) is uniformly integrable. It follows from the Law of Large

Numbers that limn→∞ E[|Zn
∅ − µ|] = 0. Finally, limn→∞ E [max1≤k≤Kn |Zk − µ|] = 0 follows

directly from Lemma A.2. So the RHS of A.6 converges to zero, implying V (n) → 0.

A.6 Proof of Theorem 2

Throughout the proof we set s = 0, µ = 0 and σ2 = E[Y 2] = 1 without loss of generality.

(a) Let An ⊆ {1, . . . , 2n} index those 2n−bn covariate vectors that agree with the agent’s

covariate vector for all covariates in A. Then the algorithmic institution’s posterior expec-

tation is the sample average Zn
A = 1

2n−bn

∑
j∈An

Yj. We will first show that

∆(n) ≡ E[ϕ(Zn
A)]− E

[
max

1≤k≤Kn

ϕ(Zk)

]
= E[ϕ(Zn

A)− ϕ(0)]− E
[

max
1≤k≤Kn

ϕ(Zk)− ϕ(0)

]
> 0

for large enough n if αb > 1+αh

2
. Then we will show that ∆(n) < 0 for large enough n if

αb <
1+αh

2
.
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We start by analyzing the first difference E[ϕ(Zn
A)− ϕ(0)]. Using Taylor’s expansion we

get

E[ϕ(Zn
A)− ϕ(0)] = E[ϕ′(0)Zn

A] + E

[
ϕ′′(Z̃)

2
(Zn

A)
2

]
for some Z̃ ∈ [0, Zn

A]. Note that E[Zn
A] = E[Y ] = 0. Moreover, ϕ′′(Z̃) ≥ M2 > 0, where

M2 = minŷ∈[−y,y] |ϕ′′(ŷ)|. Thus

E[ϕ(Zn
A)− ϕ(0)] ≥ M2

2
E[(Zn

A)
2] =

M2

2 · 2(1−αb)n
(A.7)

Next turn to E[max1≤k≤Kn ϕ(Zk) − ϕ(0)]. For each term inside the maximum we have

that

ϕ(Zk)− ϕ(0) ≤ M1|Zk| (A.8)

where M1 = maxŷ∈[−y,y] |ϕ′(ŷ)|. Thus E [max1≤k≤Kn ϕ(Zk)− ϕ(0)] ≤ M1E [max{|Zk|}].
By Proposition A.2 and following analogous steps to the proof of Theorem 1 we can show

E[max{|Zk|}] ≤
√
2√

2(1−αh)n

√
log(2Kn). Thus

E
[

max
1≤k≤Kn

ϕ(Zk)− ϕ(0)

]
≤ M1

√
2

1√
2(1−αh)n

√
log(2Kn)

Combining the bounds from steps 1 and 2 we get

∆(n) ≥ M2
1

2 · 2(1−αb)n
−M1

√
2

1√
2(1−αh)n

√
log(2Kn)

The RHS is positive for all large n if and only if 2
(1−αh)

2 n

2(1−αb)n

n→∞−−−→ ∞, since
√

log(2Kn) has

sub-exponential but non-constant asymptotics. This condition is satisfied if αb >
1+αh

2
.

Now we demonstrate that when αb < 1+αh

2
we have ∆(n) < 0 for all large enough n.

Suppose ϕ′(µ) ̸= 0. Using Taylor’s expansion we get

E[ϕ(Zn
A)− ϕ(0)] ≤ c3E[(Zn

A)
2] =

c3
2(1−αb)n

where, as before, we used E[Zn
A] = 0 and the fact that By Assumption 2 the curvature ϕ′′

is bounded from above, so ϕ′′(.) < 2M3 for some M3 > 0. Expanding every term inside

maxk ϕ(Zk) in the same way we get:

E
[

max
1≤k≤Kn

ϕ(Zk)− ϕ(0)

]
= E

[
max

1≤k≤Kn

ϕ′(0)Zk +
ϕ′′(Z̃k)

2
(Zk)

2

]
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for some Z̃k ∈ [0, Zk]. Since ϕ′(0) ̸= 0 and ϕ′′(.) > 0 we get

E
[

max
1≤k≤Kn

ϕ(Zk)− ϕ(0)

]
(A.9)

> |ϕ′(0)|E
[

max
1≤k≤Kn

Zk

]
(A.10)

≥ |ϕ′(0)|C 1√
2(1−αh)n

√
log(K(n)) (A.11)

for some C > 0 and some sequence K(n). The last inequality follows from lemma A.4, which

we prove below. In the lemma we also establish that K(n) has sub-exponential asymptotics.

Combining the inequalities A.6— A.11 we get

∆(n) = E[ϕ(Zn
A)]− E[ max

1≤k≤Kn

ϕ(Zk)] (A.12)

<
M3

2(1−αb)n
− |ϕ′(0)|C 1√

2(1−αh)n

√
log(K(n)) (A.13)

The RHS of A.13 is asymptotically negative if and only if αb <
1+αh

2
.

Lemma A.4. For some c, C > 0 and all sufficiently large n:

E
[

max
1≤k≤Kn

Zk

]
≥ C

√
log(cKn)√
2(1−αh)n

Proof. We will show the result in two steps. First, we will construct a specific lower bound on

E[maxk Zk]. We will then show that this lower bound can be approximated by an maximum

of Gaussian random variables by applying Corollary 2.1 from Chernozhukov et al. (2013) to

the constructed lower bound. This will allow us to use a known lower bound for the expected

maximum of Gaussian random variables, which will yield the result.

Fix n and some K ∈ N, and choose any H1, ..., HK ∈ Hn such that each |Hk| = ⌊αhn⌋.
Then

E
[

max
1≤k≤Kn

Zk

]
≥ E

[
max
1≤k≤K

ŷ(Hk)

]
since the right-hand side restricts attention to sets Hk that reveal exactly ⌊αhn⌋ covariates.

We will show that E [max1≤k≤K ŷ(Hk)] ≥ C

√
log(cKn)√
2(1−αh)n

.

Letm = ⌊(1−αh)n⌋+1, the number of covariates that remain hidden after each disclosure.

Define ŷ := {ŷ(Hk)}Kk=1, the random K-dimensional vector whose kth component is the

prediction corresponding to set Hk. To use the Gaussian approximation, we will now show
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that for any K there always exists n large enough and H1, ..., HK ∈ Hn such that |Hk| =
⌊αhn⌋ and

ŷ =
1

2m

∑
1≤j≤2m

Xj

for some independent random K-vectors {Xj}2
m

j=1.

We start by demonstrating the result for K = 3, and then show how the proof generalizes

to arbitrary K. Suppose K = 3. We will find three feasible disclosures, for which the vector

of posteriors can be written as

ŷ =
1

2m

∑
1≤j≤2m

Xj

where the random 3-vectors Xj are independent of each other. Assume n is large enough

that ⌊αhn⌋ ≥ 2 (which always holds for sufficiently large n since αh > 0). Consider the

following three disclosure sets: 1) I1 : hide covariates {1, ...,m}, 2) I2 : hide covariates

{1, ...,m− 1,m+ 1}, 3) I3 : hide covariates {1, ...,m− 1,m+ 2}.
Let Yj = {Yx′|x′ ∈ ΠAi

(x)} be the set of types Yx consistent with disclosure Ii. These sets

have the same size |Yj| = 2m. Moreover, the sets Y1,Y2 and Y3 have a common intersection:

Yi ∩ Yj = Y1 ∩ Y2 ∩ Y3 =: C. Indeed, define a disclosure I0 as follows: hide covariates

{1, ...,m− 1}. Then, assuming without loss x = (1, ..., 1), we have

ΠI1(x) = ΠI1((1, ..., 1)) = ΠI0((1, ..., 1)) ∪ ΠI0(1, ..., 1,
m

0, 1, ..., 1)

Similarly

ΠI2(x) = ΠI0((1, ..., 1)) ∪ ΠI0(1, ..., 1,
m+1

0 , 1, ..., 1)

ΠI3(x) = ΠI0((1, ..., 1)) ∪ ΠI0(1, ..., 1,
m+2

0 , 1, ..., 1)

So ΠIi ∩ ΠIj = ΠI0(x), as desired. It also follows that |C| = |ΠI0(x)| = 2m−1. Enumerate

the elements ci of C with index i ∈ {1, ..., 2m−1}. Further, enumerate the elements of

each Yj \ C with index i ∈ {2m−1 + 1, ..., 2m}. Then, construct vectors Xi as follows: For

i ∈ {1, ..., 2m−1} let Xi = ci13 for ci ∈ C. (Note that by construction ci ̸= cj for i ̸= j.) And

for i ∈ {2m−1 + 1, 2m} let (Xi)
j = yji where yji is the i’th element of Yj \ C. The vectors Xj

are independent by construction.

To generalize the construction of Xj to an arbitrary K, suppose n is large enough to

satisfy ⌊αhn⌋ ≥ K − 1. As before, such n always exist as long as αh ̸= 0. The rest of the

construction proceeds similarly to K = 3 with the sets Ik defined accordingly.
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Let K(n) be the largest number K, for which ⌊αhn⌋ ≥ K − 1. By the above con-

struction, K(n) is an increasing sequence. Moreover, K(n) ≤ Kn. By construction, ŷ =

1
2m

∑
1≤j≤2m Xj. Since the vectors Xj are independent, we can apply Corollary 2.1 from

Chernozhukov et al. (2013) to the quantity maxk ŷk directly. As above, let Yk be the set of

types that are consistent with the k’th disclosure out of K(n). Then

E
[

max
1≤k≤Kn

Zk

]
≥ E

[
max

1≤k≤K(n)
ŷk

]
= E

 max
1≤k≤K(n)

(
1

2m

∑
1≤j≤2m

Xj

)
k

 (A.14)

where, as before, m = ⌊(1 − αh)n⌋ + 1. By construction Xj = cj1K(n) for all j ≤ 2m−1.

Taking this into account, the right hand side of (A.14) can be rewritten as

E
[
1

2

∑
Yx∈C Yx

2m−1

]
+ E

[
max

1≤k≤K(n)

1

2

∑
Yx∈Yk\C Yx

2m−1

]

The first term equals to zero. Since in the second term all Yx are independent, Corollary 2.1

from Chernozhukov et al. (2013) applies directly. Hence, following the steps from the proof

of Theorem 1 and applying the strict lower bound on the expected maximum of gaussian

random variables with the appropriate constant we get

E
[

max
1≤k≤Kn

Zk

]
> const ·

√
log(const ·K(n))

2(1−αh)n

which proves the result.

(b) Since −ϕ is convex, the above arguments apply to show that − M3

2(1−αb)n
≤ E[ϕ(Zn

A)−
ϕ(0)] ≤ − M2

2·2(1−αb)n
and

E
[

min
1≤k≤Kn

ϕ(Zk)− ϕ(0)

]
= −E

[
max

1≤k≤Kn

−ϕ(Zk)− (−ϕ(0))

]
≥ −M1

√
2

1√
2(1−αh)n

√
log(2Kn)

for some c4 > 0. The desired conclusion follows. The converse for the case αb <
1+αh

2
follows

analogously to part a) with

E
[

min
1≤k≤Kn

ϕ(Zk)− ϕ(0)

]
≤ −|ϕ′(0)|c4

√
2

1√
2(1−αh)n

√
log(2Kn).
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P Supplementary Material to Section 4

P.1 Result Extending Theorem 2 Part (a)

Consider a model in which the evaluator chooses an action a given the realization of the

agent’s covariates, and the evaluator and agent share the payoff function −(a − y)2. The

following result shows that the conclusion of Part (a) of Theorem 2 extends for non-binary

types y.

Proposition P.1. There exists an N sufficiently large such that the agent robustly prefers

the algorithmic institution for all n ≥ N .

Proof. Throughout the proof set s = 0, E[Y ] = 0 and σ2 = E(Y 2) = 1 without loss. We will

show that

E[u(Zn
A, Y )]− E

[
max

1≤k≤Kn

u(Zk, Y )

]
= E[u(Zn

A, Y )− u(0, Y )]− E
[

max
1≤k≤Kn

u(Zk, Y )− u(0, Y )

]
> 0

for large enough n.

Let xA = (xi)i∈A denote the covariates that the algorithmic institution observes, and as

before let Zn
A = E[Y | xA] denote algorithmic institution’s (random) posterior expectation.

The optimal action choice a = Zn
A yields expected payoff −Var(Y | xA). By the Law of Total

Variance, E[−Var(Y | xA)] = Var(Zn
A) − Var(Y ). Since additionally E[u(0, Y )] = −Var(Y ),

we obtain

E[u(Zn
A, Y )− u(0, Y )] = E

[
(Zn

A)
2
]
=

1

2(1−αb)n
.
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Now turn to E [max1≤k≤Kn u(Zk, Y )− u(0, Y )]. By Lipschitz continuity of u, there is a

constant B such that u(zk, y)− u(0, y) ≤ B|zk| holds pointwise for each realization (zk, y) of

(Zk, Y ). So

E
[

max
1≤k≤Kn

u(Zk, Y )− u(0, Y )

]
≤ c2E[max{|Zk|}]

The remainder of the proof proceeds identically to the proof of Theorem 2.

P.2 Proof of Corollary 1

Following the proof of Theorem 2 we will prove the corollary assuming ϕ is strictly convex

(the case of concave ϕ follows from similar computations). Suppose αb >
1+αh

2
. We need to

show that for all n ≥ max{Nϕ, Nf} we have that

∆(n) = E
[
U f
x (A)

]
− E

[
max
H∈Hn

U f
x (H)

]
≥ 0

We start by establishing that for all Nf ≥ n we have

∆(n) ≥ M2
1

2 · 2(1−αb)n
−M1

√
2

1√
2(1−αh)n

√
log(2Kn)

By Lipschitz continuity of ϕ we have

V (n, xn) ≤ M1E
[

max
1≤k≤Kn

|Zk − µ|
]

By construction, for all n ≥ Nf we obtain

E
[

max
1≤k≤Kn

|Zk − µ|
]
≤ 1√

2(1−αh)n

√
2 log(2Kn)

Further, convexity of ϕ implies that for all n

E
[
U f
x (A)

]
≥ M2E[Z2

A] =
M2

2(1−αb)n

which gives the desired lower bound on ∆(n).

To finish the proof, we show that ∆(n) > 0 for all n ≥ Nϕ. Since 2Kn ≤ 2n+1 < en+1, we

have ∆(n) > 0 if (
αb −

αh + 1

2

)
n− 1

2
log2(n+ 1) > log2

(
2
√
2
M1

M2

)
which proves the result.
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Q Proofs for Results in Sections 5

Q.1 Proof of Corollary 2

We follow the notation and setup of the proof of Theorem 1. Fix any realization xS =

(x1, . . . , xs) of the standard covariates. As in the proof of Theorem 1, there are 2n covariate

vectors xn ∈ Xn with positive probability conditional on xS. Index these by j = 1, . . . , 2n,

and define

Y xS
j ≡ f

(
xj
n

)
to be the random type given covariate vector xj

n. For each covariate vector xn and disclosure

set Hk ∈ Hn, let Sk again denote those covariate vectors that agree with xn on entries S∪Hk,

and define

ZxS
k =

∑
j∈Sk

Y xS
j

|Sk|
to be the prediction of the agent’s type given his covariates in S ∪ Hk. Different from the

proof of Theorem 1, there are now Kn =
∑hn

j=0

(
n
j

)
2j unique sets Sk (ranging over not only

the different possible sets of covariates to disclose but also their values). By the Binomial

Theorem,
hn∑
j=0

(
n

j

)
2j ≤

n∑
j=0

(
n

j

)
2j = 3n.

Following the proof of Lemma A.1, we obtain that

E
(

max
1≤k≤Kn

|ZxS
k − µ|

)
≤ 1√

2n−hn

√
2 log(2Kn) ≤

1√
2n(1−αh)

√
2 log(2 · 3n)

which again converges to zero by assumption that αh < 1. Finally observe that

E
[

max
xS∈{0,1}s

(
max

1≤k≤Kn

|ZxS
k − µ|

)]
≤ E

 ∑
xS∈{0,1}s

max
1≤k≤Kn

|ZxS
k − µ|


=

∑
xS∈{0,1}s

E
[

max
1≤k≤Kn

|ZxS
k − µ|

]
.

Since each E
[
max1≤k≤Kn

|ZxS
k − µ|

]
→ 0 as n → ∞, the RHS converges to zero. We thus

obtain the analogue of Lemma A.2 for the expected maximum value of context, and the

remainder of the proof proceeds identically to Theorem 1.
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Q.2 Proof of Proposition 1

Throughout this proof, we set s = 0.

Let (σ∗, η∗) denote a typical PBE, where σ∗ is the Sender’s disclosure strategy and η∗

is the Receiver’s evaluation function. Fixing any such equilibrium, we use Zη∗(d) to denote

the Receiver’s posterior expectation given disclosure d. We first prove that at least one

pure-strategy equilibrium always exists.

Proposition Q.1. For every n and f there exists a pure-strategy f -context equilibrium.

Proof. Consider a candidate equilibrium (σ∗, η∗), where σ∗(xn) = ∅ for all xn ∈ Xn (which

is clearly a feasible disclosure for all agents). The Receiver’s beliefs at disclosure ∅ are

pinned down by Bayes’ rule. For any other disclosure d ̸= ∅, we construct the agent’s out-

of-equilibrium beliefs such that ϕ(Zη∗(∅)) ≥ ϕ(Zη∗(d)). This is always possible, for example

by setting Zη∗(∅) = Zη∗(d) for every d. Then by construction reporting ∅ is a best response

for any xn, so we are done.

Consider any function f and any pure-strategy equilibrium (σ∗, η∗) of the f -context

disclosure game. Let d1, . . . , dN index the disclosures that have positive probability under

σ∗ (i.e., all d ∈ Hn such that σ∗(xn) = d for some xn). For each such disclosure di,

Zη∗(di) =
1

|{x : σ∗(x) = di}|
∑

x:σ∗(x)=di

f(x)

is the evaluator’s posterior expectation upon observing disclosure di. Given the evaluator’s

payoff function, the optimal action for the evaluator is precisely Zη∗(di). Let

d∗ = (H∗, (X ∗
i )i∈H∗) := arg max

1≤i≤N
ϕ(Zη∗(di)) (Q.1)

be the disclosure that yields the highest payoff to the Sender. Then it must be that σ∗(xn) =

d∗ for every covariate vector xn for which disclosure d∗ is feasible. Otherwise d∗ would be a

profitable deviation. Hence the evaluator’s posterior expectation in this equilibrium is the

same as it would have been given disclosure of d∗ in our main model. So

ϕ(Zη∗(d
∗)) ≤ max

xn∈Xn

v(f, xn).

Since the payoff received by an agent with any other covariate vector cannot exceed ϕ(Zη∗(d
∗))

(by (Q.1)), we have the desired result.
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Q.3 Result for Mixed Strategy Equilibria

In this part we restrict attention to equilibria (σ∗, η∗) with the property that argmaxŷ∈A(σ∗,η∗)
ϕ(ŷ)

is unique on the set A(σ∗,η∗) of posterior expectations with positive probability in this equi-

librium. Call these equilibria generic. (A sufficient condition for all equilibria to be generic

is if u is strictly monotone.)

For each n and f , let vD(f, xn) denote the highest payoff that an agent with covariate

vector xn receives in any generic equilibrium (potentially mixed) of the f -context disclosure

game. Further define

vDf (n) = max
xn

vD(f, xn)

and

V D(n) = E[vDf (n)]

where the expectation is with respect to the realization of f .

Proposition Q.2. Suppose Assumption 1 holds and ϕ(.) is twice continuously differentiable.

Then limn→∞ V D(n) = 0.

Proof. Fix n, f , and a context equilibrium (σ∗, η∗) of the f -context disclosure game. Let

Z∗ ⊆ [−y, y] be the compact set of all equilibrium posterior expectations that are realized

with positive probability in this equilibrium. Further, denote

Z∗
(1) = argmax

z∈Z∗
ϕ(z)

to be the most-preferred achievable posterior expectation, which is unique by assumption of

genericity of the equilibrium.

Since Z∗
(1) is the best attainable posterior expectation, an agent achieves Z∗

(1) in equilib-

rium if and only if it is feasible. (Otherwise, the agent can profitably deviate to the feasible

disclosure that induces this posterior expectation.)

Let X ∗ ⊆ Xn denote the set of agents who have a feasible disclosure that achieves Z∗
(1).

Let D(X ∗) be the set of disclosures that agents in X ∗ send with positive probability in

equilibrium. By the logic above, D(X ∗) ∩ D(X \ X ∗) = ∅. Using the structure of this

equilibrium we can write

E[Y ] = Z∗
(1)pX ∗ + (1− pX ∗)E[Y |X /∈ X ∗] (Q.2)
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where pX ∗ is the ex-ante probability that the agent’s covariate vector belongs to X ∗, and

E[Y |X /∈ X ∗] is the expectation of the agent’s type given that his covariate vector does not

belong to X ∗. Here we utilize the fact that the evaluator’s posterior expectation is constant

at Z∗
(1) across all agents with covariate vectors in X ∗.27

Now, consider the following alternative “strategy” σ0, which relaxes the feasibility con-

straint: For any x ∈ X \ X ∗ let σ0(x) ≡ σ∗(x), i.e., the disclosures are the same as in the

original equilibrium. Further choose some arbitrary disclosure d0 ∈ D(X ∗) and let σ0(x) = d0

for all x ∈ X ∗. The Receiver’s posterior expectation following observation of disclosure d0 is

Z0 =

∑
x∈X ∗ Yx

|X ∗|

and, analogous to (Q.2), we can write

E[Y ] = Z0pX ∗ + (1− pX ∗)E[Y |X /∈ X ∗] (Q.3)

Combining equations (Q.2) and (Q.3) we conclude:

Z∗
(1) =

∑
x∈X ∗ Yx

|X ∗|

which almost surely converges to E[Y ] so long as |X ∗| n→∞−−−→ ∞. Since the Yx’s are uniformly

bounded, this also implies E[Z∗
(1)] → E[Y ], as desired. We now demonstrate that indeed

|X ∗| n→∞−−−→ ∞.

For any disclosure d denote by Cd ⊆ Xn the set of all covariate vectors x given which d

is feasible. Since Z∗
(1) is achieved by all agents for whom Z∗

(1) is feasible, it must be that for

every disclosure d ∈ D(X ∗) we have Cd ⊆ X ∗. Then for any d ∈ D(X ∗),

|X ∗| ≥ |Cd|
n→∞−−−→ ∞.

where the limit follows by assumption that αh < 1. This completes the proof.

Q.4 Proof of Proposition 2

Throughout the proof we assume ϕ(x) ≡ x and s = 0. (With general ϕ(x), the proof would

have an extra step—similar to the proof of Theorem 1, we would use Lipschitz continuity of

ϕ to upper bound the expected payoff gain using the expected evaluation gain.)

27In general this does not have to be the case. We rule this out in the definition of the equilibrium.

6



As before, enumerate feasible disclosures by k and denote the corresponding posteriors

(as random variables) as Zn
k := ρf (Hk). To upper bound the value of context, we apply a

result from Arnold and Groeneveld (1979):∣∣∣∣∣E
[

max
k∈{1,...,Kn}

Zn
k − E

[∑Kn

i=1 Z
n
i

Kn

]]∣∣∣∣∣ ≤√√√√(1− 1

Kn

) Kn∑
i=1

V ar(Zn
i ) +

1

Kn

Kn∑
i=1

(√
Kn

(
E[Zn

i ]−
∑Kn

i=1 E[Zn
i ]

Kn

))2
(Q.4)

By Assumption 3, inequality Q.4 simplifies to

∣∣∣∣E [ max
k∈{1,...,Kn}

Zn
k

]
− µ

∣∣∣∣ ≤
√√√√(1− 1

Kn

) Kn∑
i=1

V ar(Zn
i )

Finally, Assumption 4 implies that V ar(Zn
k ) = o( 1

Kn
) uniformly for every disclosure k. Hence

∣∣∣∣E [ max
k∈{1,...,Kn}

Zn
k

]
− µ

∣∣∣∣ ≤
√(

1− 1

Kn

)
Kno(K−1

n )

which yields the desired result after taking a limit in n. The argument for the lower bound

follows the same line of reasoning and is thus omitted.

Q.5 Proof of Proposition 3

Define

umax(f) = max
x∈Xn

max
H⊆S∪N ,|H|≤αhn

so that Umax
n = Ef [umax(f)]. Then

umax(f) = max
x∈Xn

max
Hs⊆S,Hn⊆N ,|Hs∪Hn|≤αhn

U f
x (Hs ∪Hn)

≤ max
x∈Xn

max
Hs⊆S,Hn⊆N ,|Hn|≤αhn

U f
x (Hs ∪Hn)

≤ max
x∈Xn

max
Hs⊆S,H⊆N ,|Hn|≤αhn

U f
x (Hs ∪Hn)

≤ max
x∈Xn

(
max

Hs⊆S,Hn⊆N ,|Hn|≤αhn
U f
x (Hs ∪Hn)− U f

x (S)

)
+max

x∈Xn

U f
x (S)

≤ max
x∈Xn

max
Hs⊆S,Hn⊆N ,|Hn|≤αhn

∣∣U f
x (Hs ∪Hn)− U f

x (S)
∣∣+max

x∈Xn

U f
x (S)

≤ B ·max
x∈Xn

max
Hs⊆S,Hn⊆N ,|Hn|≤αhn

∣∣∣f̂Hs∪Hn(x)− f̂S(x)
∣∣∣+max

x∈Xn

U f
x (S)
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for some positive constant B, where the final inequality follows from Lipschitz continuity

of ϕ. Since the absolute value is a quasi-convex function, the largest absolute difference∣∣∣f̂Hs∪Hn(x)− f̂S(x)
∣∣∣ is attained when Hs ≡ S for some covariate vector x. Thus

B ·max
x∈Xn

max
Hs⊆S,Hn⊆N ,|Hn|≤αhn

∣∣∣f̂Hs∪Hn(x)− f̂S(x)
∣∣∣+max

x∈Xn

U f
x (S) (Q.5)

= B ·max
x∈Xn

max
Hn⊆N ,|Hn|≤αhn

∣∣∣f̂S∪Hn(x)− f̂S(x)
∣∣∣+max

x∈Xn

U f
x (S) (Q.6)

Consider the first term in (Q.6). Theorem 1 establishes that the expected maximum value

of context vanishes as n grows large. As a corollary of this result we have:

E
[
max
x∈Xn

max
Hn⊆N ,|Hn|≤αhn

∣∣∣f̂S∪Hn(x)− f̂S(x)
∣∣∣]→ 0 (Q.7)

Now consider the second term in (Q.6). Disclosing a vector of standard covariates xS

induces a posterior f̂∅(xS)
n→∞−−−→ E[f̂∅(xS)]. Since S is a finite set, by the continuous mapping

theorem we can combine this result with (Q.5) and (Q.7) to get

lim
n→∞

E[umax(f)] ≤ max
xS∈{0,1}s

ϕ(E[f̂∅(xS)])

Now we prove a lower bound. Since Hs = S is a feasible disclosure, we get:

max
x∈Xn

U f
x (S) ≤ umax(f)

Taking an expectation with respect to f , combining this inequality with the upper bound

above, and then taking the limit as n grows, we obtain

max
xS∈{0,1}s

ϕ(E[f̂∅(xS)]) ≤ lim
n→∞

E[umax(f)] ≤ max
xS∈{0,1}s

ϕ(E[f̂∅(xS)])

Or, simply

lim
n→∞

E[umax(f)] = max
xS∈{0,1}s

ϕ(E[f̂∅(xS)])

as desired.
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