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Abstract

A lender uses a predictive model to assess borrower quality based on manipulable data. The
model is unobservable to the borrower, but the lender can disclose information about it. Both
full disclosure and no disclosure lead to excessive data manipulation. Under full disclosure, the
borrower can perfectly “game” the model. Under no disclosure, the lender’s equilibrium use
of data exceeds the ex ante optimal level, which also exacerbates the borrower’s incentive to
manipulate. We fully characterize the optimal policy, which preserves significant uncertainty in
the borrower’s posterior by introducing gaps in beliefs. When restricted to monotone policies,
the optimal disclosure policy always involves discrete signals, and we provide conditions under
which no disclosure becomes optimal. Our results are robust to extensions with commitment
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1 Introduction

Predictive models have been widely used in various decision-making processes, including hiring,
college admissions, and lending.! In these settings, decision makers use predictive models to
link observable personal data to unobserved variables that are relevant to their decision-making.
For example, employers score resumes to predict job performance, schools use standardized test
results to assess academic potential, and lenders analyze personal data to evaluate creditworthiness.
In these cases, the mapping from the input (personal data) to the output (quality) is often not
transparent. As a result, economic agents (such as job candidates, students, and borrowers) have
limited information about how the data is used and how much it influences the final decision.

A common argument for keeping predictive models opaque is to prevent strategic manipulation
of model input.> When individuals understand how their data affects outcomes, they may alter
observable inputs to influence decisions—a behavior often referred to as “gaming the system” or
described by Goodhart’s Law: “When a measure becomes a target, it ceases to be a good measure.”
This issue is especially relevant in contexts where data can be easily manipulated at low cost, such
as resume formatting, test preparation, or mobile app usage.

Since the effectiveness of a predictive model depends not only on its accuracy but also on the
quality of the input data, to improve decision quality, it is essential to design mechanisms that
discourage data manipulation. While keeping the model opaque is often used to achieve this, the
optimal design of model transparency remains an open and underexplored question.

To better understand this question, this paper studies the optimal disclosure of an internal
predictive model that maximizes the model user’s payoff in a lending setting. There are two
players: a borrower (he) and a lender (she), both of whom are risk-neutral. The borrower has a
binary private type, and the lender’s gross revenue from financing the borrower is increasing in the
borrower’s type. Their incentives are misaligned: the lender wants to finance the borrower only if
the gross revenue exceeds a fixed cost, while the borrower always prefers to be financed. Although
the lender cannot observe the borrower’s type directly, the borrower generates personal data with
binary realizations (e.g., using iOS or Android, or social media presence), which is informative
about his type. Specifically, a better-type borrower generates “better” data, while a worse-type
borrower generates “worse” data. However, this personal data is manipulable: the borrower can
privately alter the data realization by incurring a manipulation cost, which is privately known to
him. The lender only observes the final realization of the data, which may have been manipulated.

The lender possesses an internal predictive model that maps the borrower’s type to the gross

!See Bogen and Rieke (2018) for applications in hiring, Kizilcec and Lee (2020) for education, and Bruckner (2018)
and Di Maggio et al. (2021) for lending.

2See discussion in the media article “Gaming the system: Loan applicants are reverse engineering the online lending
algorithms” by Zack Miller, published on July 11, 2018.



revenue from financing the borrower. This internal model is unobservable to the borrower. For
simplicity, we assume that financing a worse-type borrower always yields zero gross revenue, while
financing a better-type borrower yields revenue equal to v > 0. The value v serves as the parameter
of the internal model and is privately known to the lender. Intuitively, the parameter v influences
both the worse-type borrower’s incentive to manipulate data and the lender’s financing decision in
equilibrium.

The lender’s evaluation of the expected gross revenue from financing a borrower depends on
two factors: the value of the model parameter v and the probability that the borrower is of the
better type. The first factor, v, is exogenous and privately observed by the lender. The second
factor is endogenous and depends on the borrower’s equilibrium data manipulation behavior: less
manipulation makes the data more informative about the borrower’s type. To maximize her expected
payoff, the lender can disclose information about the model parameter v to the borrower. Once the
borrower updates his belief about v, a subgame equilibrium arises. This equilibrium consists of the
borrower’s data manipulation strategy and the lender’s lending decision. A better-type borrower
never manipulates his data, while a worse-type borrower chooses to manipulate if his manipulation
cost is below a certain threshold. The lender never finances a borrower with worse data but will
lend to one with better data if the model parameter v exceeds an endogenous cutoff. Thus, the
equilibrium can be characterized by two cutoffs: a manipulation cost cutoff for the worse-type
borrower’s decision and a model parameter cutoft for the lender’s lending decision. Our central
question is: what is the lender’s optimal strategy for disclosing model information v to maximize
her expected payoff? Before characterizing the optimal disclosure policy, we first build intuition
by analyzing two benchmark cases: full transparency and no disclosure.

First, the lender receives zero payoff (the worst possible outcome) if she chooses full disclosure,
i.e., disclosing the exact value of model parameter v to the borrower. This happens because,
knowing the exact value of v, a worse-type borrower manipulates his data in such a way that
the lender always becomes indifferent between lending and not lending to a borrower with better
data. As a result, the lender’s equilibrium payoff is zero. This implies that full disclosure induces
excessive “gaming the system,” and thus reduces model effectiveness. Second, if the lender chooses
no disclosure, i.e., not disclosing any information about the model parameter v to the borrower,
she can achieve a strictly positive payoff. Hence, no disclosure is better than full disclosure. This
finding aligns with conventional wisdom that keeping the predictive model opaque can deter data
manipulation and improve efficiency. However, we show that no disclosure is still suboptimal. To
understand why, consider the case when the model parameter is just slightly above the equilibrium
cutoff in no disclosure, in this case, the lender lends to the borrower if he has better data. Although
lending in this case is ex post efficient, it marginally increases the ex ante financing probability from

the borrower’s perspective. This marginal increase in financing probability incentivizes the worse-



type borrower to manipulate his data, thereby reducing its informativeness. The resulting payoft
loss from decreased informativeness outweighs the marginal benefit of lending. This suggests that
borrower data is overused in the no disclosure equilibrium. The reason no disclosure is suboptimal
(and the key friction in this setting) is the lender’s lack of commitment, and similar frictions arise
in other economic contexts (see Ball (2025)). Specifically, the lender cannot commit ex ante to how
she will use the borrower’s data and therefore ends up using it excessively ex post. This overuse of
data, in turn, encourages excessive manipulation by the borrower.

We then characterize the structure of the optimal disclosure policy, which features partial
disclosure. The optimal policy divides the support of the prior belief about the model parameter v
into disjoint groups and send a signal to the borrower to reveal the group to which the true value
of v belongs. Each signal s induces a different posterior belief for the borrower. Under each signal
realization s, in equilibrium, there exists a signal-dependent cutoff v, such that the lender lends to
the borrower if and only if the borrower has better data and the true model parameter v exceeds v;.
The lender rejects the borrower if he has worse data or if v < v.

Across all signal realizations, the cutoffs v, are strictly less than, but converge to a signal-
independent threshold v*. Moreover, under any signal realization s, the borrower’s posterior belief
must exclude the interval (v, v*). In other words, the borrower’s posterior belief always contains
two regions of v: one below the cutoff v, and one above v*, with a positive gap between these two
regions. As aresult, v* serves as the ex ante lending cutoff: regardless of the signal realization, the
lender lends to a borrower with better data if and only if v > v*, and rejects the borrower otherwise.
So although different signals induce different posterior beliefs and subgame equilibria, the effective
lending cutoff remains fixed at v*.

Borrower data is used with lower probability under the optimal policy compared to both full
disclosure and no disclosure. The intuition is as follows. Under full disclosure, the probability that
the lending decision conditions on borrower data is the highest. This is because the borrower’s
incentive to manipulate data increases with the model parameter v. Although the lender is less
likely to use the data when v is low, lower manipulation in that region keeps the data sufficiently
informative, leading the lender to rely on it even when v is not very high. In the case of no disclosure,
this issue is partially mitigated. Since the borrower’s manipulation decision is independent of the
true model parameter, the data is less informative when v is low, making the lender less likely to
condition her approval decision on it in that region. This reduces the probability of data use overall.
The optimal policy further reduces data usage by inducing variation in the borrower’s manipulation
incentives across different signals. Under signals where v tends to be low, manipulation is also low
but calibrated just enough to discourage the lender from using the data. Under signals with higher
v, the manipulation level is higher, again discouraging data use. As a result, the optimal policy

lowers the unconditional probability of borrower data being used more effectively than either full



or no disclosure.

We provide a closed-form characterization of the optimal policy by imposing an assumption
on the distribution of the borrower’s manipulation cost. The optimal policy consists of a discrete
component, which induces an equilibrium with the lowest manipulation level among all poste-
rior equilibria, and a continuous component, where manipulation levels vary continuously. This
simplifies the optimal disclosure problem to a one-dimensional optimization problem.

A key feature of the optimal policy is its nonmonotonicity. Although the approval decision is
monotonic in the model parameter v, meaning a borrower with better data is approved if and only
if the true model parameter exceeds a cutoff, other equilibrium outcomes such as the intensity of
data manipulation are not monotonic in the model parameter v. As an extension, we study the
lender’s optimal disclosure policy under a monotonicity constraint, where the lender is restricted
to choosing monotone disclosure policies. Under such policies, the borrower’s posterior belief
about the model parameter is always a connected interval. This extension delivers two key results
that align with real-world observations. First, unlike in the general case, the optimal monotone
disclosure policy always consists of discrete signals, which are easy to implement in practice, for
example through rating systems. Second, no disclosure can be optimal among monotone policies
if the distribution of the model parameter satisfies a simple monotonicity condition. This helps
explain why no disclosure remains common among model users in practice.

Finally, we consider two extensions that explore how optimal model disclosure interacts with
other mechanisms for deterring manipulation. The first extension examines the case in which the
lender can also commit to her lending decisions. Here, the lender first commits to an approval
rule and then chooses what information about the model to disclose. We show that, under certain
conditions, model disclosure can still improve the lender’s payoft even after such commitment.
This highlights the robustness of information disclosure as a tool for discouraging manipulation.

The second extension incorporates costly verification of borrower type. In practice, lenders
may verify borrower types through manual reviews, interviews, or fraud detection tools. In this
setting, the lender can pay a cost to verify the true type of the borrower. We study how costly
verification interacts with model disclosure under the optimal joint design. We find that the two
instruments act as substitutes. The lender first reveals whether the model parameter exceeds a
threshold. If it does, she randomly verifies the borrower’s type and does not disclose further
information. If not, verification is not used and the lender discloses additional information about
the model parameter, similar to the baseline policy. This result confirms that disclosure remains an
important and effective tool for limiting manipulation, even when costly verification is available.

The rest of this paper is organized as follows. In this section, we continue to discuss related
literature. Section 2 provides a simple model to highlight the intuition, and Section 3 introduces

the main model. In Section 4, we discuss the properties of the optimal disclosure policy. Section 5



studies two extensions, and Section 6 concludes.

Related Literature

This research is closely related to the literature on strategic data manipulation (e.g., Rajan and
Xiong (2024), Frankel and Kartik (2019a), Frankel and Kartik (2019b), Ball (2025), Perez-Richet
and Skreta (2022), Gamba and Hennessy (2024)). Our modeling approach to private information
on the borrower side follows Fischer and Verrecchia (2000) and Frankel and Kartik (2019b). Ball
(2025) studies a setting with multi-dimensional features and heterogeneous agents, and characterize
the optimal scoring rule that improves inference. Perez-Richet and Skreta (2022) examine how
test design affects agents’ manipulation incentives. In these models, the decision maker faces a
problem similar to ours: she uses data that can be strategically manipulated by agents. Rajan and
Xiong (2024) also study a lending setting in which a lender uses alternative data to make lending
decisions, while the borrower can strategically manipulate the data. Their analysis focuses on
how much data the lender should commit to using in the lending decision. Greater data coverage
improves screening accuracy but also increases the borrower’s incentives to manipulate their data.
A key insight from this literature is that it can be optimal for the decision maker to commit to
underutilizing the data in order to reduce manipulation and improve the quality of data input. The
key difference between our paper and this literature is that, in their settings, the decision maker can
commit to a rule for using the data, while the information structure-such as the correlation between
manipulable data and underlying quality-is assumed to be public. In contrast, our paper studies a
setting where the decision maker cannot commit to how she uses the data, but instead can choose
how much information about the model’s structure to disclose. Our Section 5.1 further explores
how these two mechanisms (commitment to action and control of information) interact.

Second, our research contributes to the literature on applications of Bayesian persuasion (Ka-
menica (2019) and Bergemann and Morris (2019) provide excellent surveys) in economics and
finance, including shareholder voting (Malenko et al. (2021)), banking and financial network
(Huang (2020)), security design (Azarmsa and Cong (2020); Szydlowski (2021); Inostroza and
Tsoy (2022)), and bank stress test (Goldstein and Leitner (2018), Inostroza (2019), Inostroza and
Pavan (2021), Leitner and Williams (2020)). Our paper considers a different setting. More impor-
tantly, the key friction that disclosure affects the decision maker’s inference problem does not arise
in these papers. On the theoretical side, we follow Kamenica and Gentzkow (2011) and consider a
persuasion problem with a continuous state, akin to Dworczak and Martini (2019) and Perez-Richet
and Skreta (2022). Generally, Bayesian persuasion problems with continuous states are intractable,
except in some special cases (e.g., Gentzkow and Kamenica (2016), Dworczak and Martini (2019),

Goldstein and Leitner (2018)). Our theoretical results are derived using a novel “guess and verify”



method.

Lastly, this paper relates to the broader discussion on algorithmic transparency. There is
an emerging but rapidly expanding body of work on the impact and regulation of algorithmic
decision-making, with most existing research focusing on behavior concerns like fairness, bias, and
discrimination (e.g. Bartlett et al. (2021), Milone (2019), Gillis and Spiess (2019),Raghavan et al.
(2020),Coston et al. (2021)). Our main contribution is to consider a flexible model transparency
problem and to provide a rational explanation for why model transparency can be optimal even in
the absence of fairness or behavioral concerns. A related study by Wang et al. (2020) also examines
strategic data manipulation but only compares full transparency and no disclosure policies. They
consider both the correlational and causal observables, and focus on the trade off between the
investment on these two types of features. In contrast, our research focuses on correlational
features as inputs in predictive models, and more importantly, we consider flexible disclosure
policies and gain deeper insights into the design of optimal disclosure. Additionally, Blattner et al.
(2021) address the trade-off between model complexity and transparency and the role of algorithmic
audits, which is different from our focus. Bjorkegren et al. (2020) empirically demonstrate data
manipulation when algorithms are transparent, and discuss the design to mitigate this issue. There
is also an expanding literature on algorithmic explainability and explainable Al (e.g., Bhatt et al.
(2020), Carvalho et al. (2019), Lundberg and Lee (2017), Murdoch et al. (2019)), which primarily
addresses the “black box” nature of machine learning algorithms, while our paper simplifies this

nature to address an information design question.

2 A Simple Model

To fix ideas, let’s first consider a simple setting. There are two players: alender (she) and a borrower
(he), both are risk neutral. The borrower has zero initial wealth, and is protected by limited liability.
He has a borrower-specific project which requires an investment / = 3. The project generates a
positive cash flow V' = 10 if it succeeds, and zero if it fails. The probability of success is a random
variable. The lender has all the bargaining power and collects all the revenue from the project
if she finances the borrower, while the borrower receives a private benefit b = 1 if his project is
successfully financed, regardless of its outcome.

The borrower can be good or bad, with probability 4 = 0.3 and 1 — p = 0.7, respectively.
The borrower type is private information. A good (bad) borrower chooses high (low) phone usage
naturally,® but a bad borrower can choose high phone usage by incurring a private cost ¢, which is

uniformly distributed over [0, 1]. We refer to the behavior of a borrower who does not choose his

3For example, a good-type borrower may have stronger communication and networking skills, higher information
intake and market awareness, or greater self-motivation.



natural phone usage level as manipulation.* A key assumption is that manipulating phone usage
does not change a borrower’s inherent type. In this market, the only data that the lender can observe
is the the borrower’s phone usage (after potential manipulation).

Regarding the probability of success, it is common knowledge that a bad borrower always fails,
and a good borrower’s probability of success v is drawn from a uniform distribution U [0, 1]. The
lender has an internal predictive model that perfectly reveals the realization of v, which is unknown
to the borrower. The parameter v can be interpreted as either a model parameter or model-specific
information in the lender’s internal model. The lender can commit to a disclosure policy that
determines how much information about v is revealed to the borrower before the borrower chooses
his phone usage level and the lender chooses her lending decision. In this section, we examine the

equilibria under three types of disclosure policies.

No Disclosure

Suppose the lender does not reveal any information about v, it can be shown that there is a unique
equilibrium which is characterized by two cutoffs ¢y and vy. A bad borrower chooses high phone
usage level if his manipulation cost is lower than cy. The lender always rejects a borrower with
low phone usage and lends to a borrower with high phone usage if and only if v > vy.

There are two equilibrium conditions. First, a bad type borrower with manipulation cost cy is

indifferent between manipulating or not, i.e.,
Prob (v > vy) - b = cy,

where Prob (v > vy) = 1 — vy is the probability of a borrower with high phone usage being
financed. Second, the lender is indifferent between approving a borrower with high phone usage

and rejecting him when the true value of v is vy, i.e.,

vy V = (u+ (1 — p)Prob (¢ < cy)) 1.

pl+(1—p)Ib p(V-1I)
wV+1—p)Ib wV+A—p)Ib®

The lender’s payoff is equal to the gross revenue from financing the borrower minus the fixed

With our assumptions, the unique equilibrium values are vy = andcy = 0b-

financing cost /, and can be written as:

1
Wy = ,uV/ (v —vy)do.
VN

We can show that in this equilibrium, vy = 0.59, ¢y = 0.41 and Wy = 0.25.

“4For simplicity of exposition, we only allow a bad borrower to manipulate his phone usage. However, the results
remain unchanged if we also allow a good borrower to manipulate his usage to low, since a good borrower would never
do so in equilibrium.
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Figure 1: Lender’s Payoff: No Disclosure

Figure 1 characterizes the above equilibrium. The green triangle in Figure 1 represents the
payoff Wy In equilibrium, a borrower with high phone usage is financed when the true value of v
is above 0.59. The green line on the horizontal axis represents the support of posterior belief of v.

In this no disclosure equilibrium, the posterior belief is the same as the prior belief.

Full Transparency

If the lender perfectly reveals the realization of v to the borrower, we can show that her payoff
equals zero, leading to the worst outcome. To see this, when v < L, lending is always inefficient,
leading to no financing and zero payoff. For any v > é, under our parameterization, the lender
must be indifferent between lending to a borrower with high phone usage and not lending at all. As

a result, the lender’s payoff must also be zero for any v > é

A Binary Signal

Our question is, can the lender achieve a strictly higher payoft by disclosing some model information
v to the borrower? The answer is yes. The definition of disclosure policy is formally introduced in
Section 3.1, here we consider a simple case. Let’s consider two sets A = [0,0.54) U (0.64,0.91),
and A% = [0.54,0.64] U [0.91, 1].

Consider the following disclosure policy: the lender reveals whether v is in region A or AL
There are two possible equilibria depending on which region the realization v belongs to. If
v € A is revealed, the posterior belief about v is a uniform distribution on two disjoint intervals
[0,0.54)U(0.64, 0.91), and we can show that the equilibrium lending cutoff and manipulation cutoff,

defined in the same way as in the no disclosure case, are vi = 0.54 and ¢; = 0.34, respectively.
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Figure 2: Lender’s Payoff: binary signal

This means the lender approves a borrower with high phone usage when v > v; = 0.54, and a bad
borrower chooses high phone usage if his manipulation cost is lower than ¢; = 0.34. We can show
that the lender’s payoff in this case is W7 = 0.19. Similarly, if v € AL, the posterior belief about
v is a uniform distribution on [0.54, 0.64] U [0.91, 1], and the equilibrium outcomes are v, = 0.64,
cy = 0.48 and W5 = 0.09.

Figure 2 characterizes these two equilibria. The red trapezoid in the left panel represents the
lender’s payoft in the equilibrium when revealing v € A, and the two red intervals on the horizontal
line represent the support of the posterior belief in this equilibrium. In this case, the lender lends to
the borrower with high phone usage only when v € (0.64,0.91). Similarly, the right panel shows
the lender’s payoff on observing v € AL, The total payoff with this disclosure policy is

Ws=W; + Wy =0.19+0.09 = 0.28 > 0.25 = W.

So the lender’s expected payoff indeed improves.

Our analysis shows that the binary signal dominates both the no disclosure policy and full
transparency policy. The result that the full transparency policy is dominated is clear: when the
exact model information v is disclosed to the borrower, the level of borrower’s manipulation of
phone usage makes the lender always indifferent between approving and rejecting the borrower for
every value of v. Consequently, incorporating borrower’s phone usage data into lending decisions
provides zero value to the lender. The inefficiency in the no disclosure equilibrium arises from
the lender’s lack of commitment: ex post, the lender conditions the lending decision on phone
usage data as efficiently as possible, which leads to excessive data manipulation from an ex ante

perspective. To see this, suppose that the lender commits to lending to the borrower with high

10



phone usage if v > x. We can calculate the lender’s equilibrium profit as a function of z, denoted
by W(x):

W)= [ oV = (et (L= ) (1= ) T o

Since vy satisfies uvy V' — (u+ (1 — ) (1 — viy)) I = 0, we can show that

dW (z)
dx

> 0.
a=vy

The above result shows that the equilibrium cutoff vy is inefficiently low from an ex ante
perspective. Note that when v < vy, the phone usage data is effectively not used in the lender’s
lending decision, because the borrower will be rejected no matter what his data is. The phone usage
data will be used only when v > vy, at which point a borrower with high and low phone usage
will receive different loan approval decisions. So the probability that phone usage data is used in
lending decisions, (1 — vy ), is inefficiently high in this no disclosure equilibrium.

To mitigate the excess manipulation, the binary signal makes the approval decision less de-
pendent on phone usage data by differentiating the posterior distribution of model information v.
Unconditionally, with the binary signal, borrower’s phone usage data affects approval decision
when v > 0.64, while it is v > 0.59 in the no disclosure equilibrium. So the lender’s decision
depends less on the phone usage data under the binary signal. Intuitively, by differentiating the pos-
terior distribution of model information v, the equilibrium with more data manipulation (v € AL
ensures that borrower data does not affect the lender’s decision in cases where it would have under
the no disclosure equilibrium (when v € (0.59,0.64)), and the other equilibrium (v € A) has lower
level of data manipulation (compared to the no disclosure equilibrium) and generates more efficient
outcome.

In the main model, I'll consider a general setting with more flexible disclosure policies. But
this binary signal has several notable properties that are still robust in the optimal disclosure
policy in the general model. First, there exists a threshold (v* = 0.64), such that unconditionally,
lender’s decision depends on phone usage data if and only if the true model parameter v is above the
threshold. This cutoff property always holds for any posterior equilibria under any disclosure policy,
and here we show it also holds unconditionally in the optimal policy. Second, unconditionally,
the probability that lender’s decision depends on phone usage data is lower than that in the no
disclosure equilibrium. Last, the binary signal induces two posterior equilibria, in both posterior
equilibria, the lender’s indifference cutoffs v; and v, are lower than the ex ante cutoff v*. Since
the lender unconditionally rejects the borrower whenever v < v*, this implies that there must be

gaps in the posterior distribution of the model parameter v. All of these properties still hold in the

>The bad type borrower chooses to manipulate when ¢ < b (1 — ).
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optimal disclosure policy in the general model.

3 The Main Model

3.1 Model Setup

Now let’s introduce the formal model. There are two players: a deep-pocketed lender (she) and a
representative borrower (he), both of whom are risk neutral. The borrower’s type X € {0,1} is
private information. The probability that the borrower is of type X = 1 is denoted by pu, which is
common knowledge. The borrower has zero initial wealth and is protected by limited liability. He
has a financing need and must borrow / > 0 from the lender. If the lender rejects the borrower, the
borrower receives zero payoff; if the lender approves him, the borrower receives a constant private
benefit of b > 0. The lender has an internal predictive model that evaluates the gross revenue from

financing a borrower with type X, denoted by V' (X). For simplicity, we assume that
V=X v (D

The lender’s payoff is V' — I if she finances the borrower, and zero if she rejects the borrower.

The key feature of our model is that the model parameter v is drawn from a distribution, and
its realization is privately observed by the lender. For simplicity, we assume the value v is drawn
from a continuous distribution on [0, v] with a probability (cumulative) distribution function g (-)
(G (+)). Assume function g is continuous and strictly positive on [0, v]. To focus on the interesting
case, we assume that v > I, otherwise, the lender will never lend to the borrower. The borrower
only knows the distributional information g (and () but not the realization.

Although the lender can’t observe the borrower type X directly, she has access to some borrower
data x, which is informative about the borrower type X. We assume that the borrower data = also
takes values in {0,1}. A borrower with type X = 1 (X = 0) naturally generates data x = 1
(z = 0), however, the data z is subject to the borrower’s manipulation. Specifically, a borrower can
privately change x from 1 to 0, or vice versa, by incurring a private cost c. This manipulation does
not alter the borrower’s true type X. Therefore, if the data is not manipulated, x = X, the data
perfectly reveals the borrower’s type. If the data is manipulated, then x = 1 — X. The cost c is
drawn from a continuous distribution on (0, ¢] with a cumulative distribution function K (-), and its
realization is privately observed by the borrower. For simplicity, assume K’ (c) exists everywhere
and is continuous and strictly positive at any ¢ € (0, ¢|. We also assume that ¢ is independent of all

other random variables in the model.°

®It is natural to consider correlation between borrower type and manipulation cost, which can be modeled as type-
specific cost distributions. This extension does not affect our results. With only two types and two data realizations in
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Assumption 1. pv < [+ (1 — p) K (b)] L.

Assumption 1 implies that, in any equilibrium, the lender will never approve a borrower with
data x = 1 with probability one. Otherwise, the expected cost of financing, [+ (1 — ) K (b)] I,
is higher than the maximum gross revenue from lending, pv, and thus lending is unprofitable for

the lender. Therefore, this can not be an equilibrium under Assumption 1.

Disclosure About the Lender’s Internal Model

To maximize her expected payoff, the lender can reveal some information about the model parameter
vin (1) to the borrower. Specifically, the lender commits to a policy that reveals information about v
before observing its true value, and the borrower makes data manipulation decision after observing
the revealed information about v. To make the disclosure policy as flexible as possible, we adopt

the standard definition used in the literature.

Definition 3.1. A disclosure policy (S, &) consists of a measurable space S and a mapping & from

the realization v € [0, v] to a distribution over the signal space S:
g :10,v] = AS.

Let s € S, then (v, s) forms a joint distribution on [0, 0] x S. Let the marginal cumulative
(probability) distribution function of s be F' (f), and the conditional cumulative (probability)

distribution function of v|s be Il (7,), then we must have

/ mdF = g.
seS

For simplicity, we use { F, 7} to represents the distribution of posteriors induced by the signal,
which is an element in A (AS).

The lender discloses a signal s following the disclosure policy, and then the borrower updates
his belief and chooses his manipulation strategy accordingly. The main advantage of modeling
information disclosure in this way is the flexibility. Intuitively, the information structure defined in
Definition 3.1 summarizes all possible ways of disclosing information to the borrower, and thus our
model also sheds light on the boundary of using pure information disclosure to mitigate strategic
manipulation.

Later we will show that optimal disclosure policies can always be implemented by a specific class
of policies known as deterministic policies. In these policies, the signal realization conditional

on any state v is deterministic, and thus the disclosure policy can be represented by a message

our model, the type X = 1 borrower never manipulates and thus his cost distribution is irrelevant.

13



function, see below for the formal definition. For simplicity, let §, be the Dirac measure, which

puts probability one on the state x, and zero otherwise.

Definition 3.2. A disclosure policy (S, &) is deterministic if for any v € [0, v], the signal realization

is deterministic, i.e., there exists a measurable function o : [0, 9] — S, such that
o= 5g(v).

We call o (v) the message function.

Throughout this paper, when there is no confusion, we use (S, o) to represent a deterministic
disclosure policy with signal space S and a message function o.’
Timeline

All events occur in the following order:

1. The lender chooses a signal structure (S, 7); then v is drawn from the distribution g (v) and

observed by the lender.
2. A signal realization s is generated based on (S, 5) , and disclosed to both players.
3. The borrower decides whether to manipulate his data x.

4. The lender decides whether to lend to the borrower based on the observed data x and the true

value of the internal model parameter v.

5. All random variables are realized, and both players receive their payofts.

3.2 Manipulation and Lending Equilibrium

We first investigate the equilibrium after a signal s is revealed under a disclosure policy (S, ).
We refer to this as subgame s. For a borrower with type X and manipulation cost ¢, his decision,
vs (X, c) € [0,1], is the probability of manipulating his data = upon observing signal s. For
the lender, her decision, oy (x,v) € [0, 1], is the probability of lending to the borrower based on
the borrower data x (after potential manipulation), the lender’s privately observed internal model

parameter v, and the signal s.

"For example, the full transparency policy can be represented by a signal space S = [0, v] with a message function
o (v) = v; and the no disclosure policy can be represented by a signal space S = {0} with a message function
o(v)=0.
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The lender’s expected payoff from lending to a borrower with data z = 1 is

U= o [ (1= (LK (€)= | [ =2 (LK @ + (1= ) [ 3, 0,0 aK )] T
2
and zero if she rejects the borrower. Similarly, her expected payoff from lending to a borrower with

dataz = 01is
Vo= po [ 5 (L) dK (&) = [ [ "5 (L) dK () + (1= p) [ [1 =3, 0,0) dK ()| 1, 3)

and zero if she rejects the borrower. Therefore, the lender’s choice «; (z,v) solves the following
problem:
max alU, “4)

a€(0,1]

for z = 0, 1. Then in the subgame s, the probability that a borrower with data = can be financed is

ds (z) = /Ov as(z,v)ms(v)dv. Q)

For a borrower with type X, when he manipulates the data, his data x becomes 1 — X, then his
payoff is
ds (1—X)b—c.

If he does not manipulate the data, his data x remains to be X, and his payoft is
ds (X)b.
Then his decision ~y, (X, ¢) solves

max (1 —7)-ds (X)b+~v-(ds(1—X)b—c). (6)

~v€[0,1]
We now formally define the equilibrium of subgame s.

Definition 3.3. An equilibrium of subgame s consists of the borrower’s manipulation strategy
vs (X, ¢) and the lender’s lending strategy « (x,v), such that under the posterior belief 7, the

following two conditions are satisfied.
1. The lender’s strategy « (z,v) solves (4).
2. The borrower’s strategy 75 (X, ¢) solves (6), where d; () is defined in (5).

The equilibrium has a simple structure. First, we show in the appendix that in equilibrium,

vs(1,¢) = 0 for all ¢ and s. This is because a borrower with data x = 1 is always perceived as
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higher quality by the lender and thus has no incentive to manipulate his data. This implies that
only a borrower with type X = 0 will possibly choose to manipulate his data, and thus the lender
always rejects a borrower with x = 0, leading to d; (0) = 0 in equilibrium. Therefore, we only
need to focus on the borrower’s strategy when his type is X = 0, and the lender’s strategy when
she observes data x = 1. In equilibrium, a borrower with type X = 0 decides to manipulate his

data only if his manipulation cost is low enough, i.e.,
c<b-ds(1) =cs.

The lender lends to a borrower with data x = 1 only if the privately observed v is high enough, i.e.,

o —fut (L= K (€)] 120 e v >y, = LTEZWEE)]T (7)

1

When v = v, the lender is indifferent between lending and not lending. Then the equilibrium can
be summarized by these two cutoffs ¢, and v,. The following lemma characterizes the equilibrium

in subgame s.

Lemma 3.1. For any subgame s, if 15 (I) = 1, there is no financing in equilibrium; if 11, (I) < 1,
there exists a unique equilibrium with two cutoffs c¢; and v, such that
0 if c > ¢
1. 75 (1,¢) =0, and v, (0,c) = { € [0,1] ifc=c,-

1 if c < ¢

1 ifv> v
2. a,(0,v) =0,and as (1,v) =€ [0,1] ifv=v,.

0 ifv < v

3. ¢s and vy are solved by the following equilibrium conditions

e =bdy (1), ®)
Prob (v > vg|s) < ds (1) < Prob(v>vs|s), )

and ) K /
v, = [IU“ + ( _ :u,lj (CS)] ) 7 (10)

where Prob (-|s) is the probability function of the posterior belief about v under the subgame

S.
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The lender’s expected payoff in the subgame s is
Wy = uE, [(v — vs)ﬂ = u/ (v — vs) w5 (V) dv. (11)

For the rest of the paper, we use bold, sans-serif letters (v, c,) to represent the two equilibrium
cutoffs mentioned in the above lemma under a signal realization s. Since there is no financing
when I, (1) = 1, without loss of generality, we choose ¢, = 0 and v, = v for this case. By
choosing a disclosure policy (S, &), the distribution of the signal s (represented by F (s) or f (s))
is uniquely pinned down. Under each realization s, the belief about v is updated to 7, and the
lender obtains the expected payoff W characterized in Lemma 3.1. Then the lender’s expected

payoff is [, WsdF (s), and thus her optimization problem is
max / WdF (s).
(S,5) Js

For simplicity, it is standard in the literature to work with the distribution of posteriors, { F (s) , 74 },2
rather than directly with disclosure policies. Thus, we can reformulate the lender’s problem in the

following proposition.

Proposition 3.1. The lender solves the following equivalent problem:

_ ot
S%i}w = ,u/SGSIE {(U vs) |s} dF (s) (12)
s.t / sdF (s) = g (v), (13)
s€S
K (i — 145)
Prob (v > vy s) < b# B2 < Prob(v>vys) VseS. (14)

Here Prob (v| s) is the probability function associated with the posterior belief Ts.

The last condition (14) solves the equilibrium cutoft v, under the posterior belief 7. This
problem is known as a Bayesian persuasion problem with continuous states, which is in general
not tractable except in some special cases (Gentzkow and Kamenica (2016), Dworczak and Martini
(2019)). Our model does not fit into any existing tractable framework and is solved by a “guess and
verify”” approach. Before analyzing the structure of the lender’s solution, we present the following

observation that simplifies the problem.

Lemma 3.2. For any disclosure policy, if there exist two distinct signal realizations s, and s,
with equilibrium cutoffs vs, = vg,, then combing these two signals together will not change the

equilibrium.

8See the Online Appendix of Kamenica and Gentzkow (2011) for the discussion with continuous states.
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Lemma 3.2 implies that we can (without loss of generality) focus on policies (S, &), such that
for any two distinct signal realizations s1, sy € S, vg, # Vv,,. Then we can choose a signal space

such that s = v, for all s € S. We adopt this simplification for the rest of the paper.

3.3 Suboptimality of No Disclosure and Full Transparency

The borrower’s data manipulation distorts the lender’s inference about the borrower’s type. A
borrower with type X = 0 chooses his manipulation strategy based on the updated belief about v.
For the optimal policy, a natural guess would be that the lender should not disclose any information,
and thus make the internal model as opaque as possible. Denote the equilibrium in this case as

(v, cn), where N represents “no disclosure.” The lender’s payoff is

WN:u/‘IZ (v —vy) dG (v) .

We show that, in this case, the lender conditions her decision on borrower data x too frequently,
that is, she conditions her decision on x at certain values of model parameter v where it would be
(ex ante) optimal not to, and this leads to excessive data manipulation by the borrower. This friction
arises from the lender’s lack of commitment: she always makes the most efficient use of borrower
data ex post, which is ex ante inefficient. To see this, note that given the borrower’s manipulation,
the lender always lends to a borrower with data = 1 whenever the lending yields a positive payoft,

i.e., when v > v, where v satisfies
pvn — [+ (1 —p) K (en)] - 1 = 0. (15)

Now, hypothetically, suppose the lender can commit to a slightly higher lending cutoff vy + ¢
(0 < 6 <« 1), i.e., the lender lends to a borrower with data x = 1 only when v > vy + d. Let her

payoff in this case be IW;. This leads us to the following result.
Lemma3.3. 4% >
§=0

Lemma 3.3 implies that, in the no disclosure equilibrium, a commitment to reduced lending
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dWs
dd

improves the lender’s payoff.” To see the intuition, rewriting 0’

ddv?séO:_[MVN_(,u‘i‘(l—M)K(CN))[]Q(U)+/VZ+6 (_(1_’u)[g(v>df(df;:5)

=0 in equilibrium

) dv.
6=0

(16)

The first term in (16) is zero, which follows directly from the lender’s equilibrium condition (15).
The second term is positive because an increase in d lowers the equilibrium cutoff for manipulation
cost, denoted by c4, thereby increasing the lender’s payoff. This result highlights the lender’s
commitment problem. In the no disclosure equilibrium, the lender always approves a borrower
with z = 1 whenever the payoff is positive. However, such approval creates incentives for ex ante
manipulation by the borrower, which ultimately undermines the lender’s inference in equilibrium.
In our setting, the lender can not commit to lending decisions.!? Instead, only disclosure of the
model information v is considered. We show that, by strategically disclosing information about v,
the lender can reduce lending and improve her payoff. The following proposition confirms that no

disclosure is indeed suboptimal.

Proposition 3.2. There exists a disclosure policy (S, &) with lender’s payoff W, such that W, >
Wh.

Proposition 3.2 challenges the conventional wisdom that making internal models more trans-
parent will always hurt efficiency because of the “gaming the system” concern. To gain intuitions
on how it works, suppose the lender designs a deterministic disclosure policy with three elements

in the signal space S = {s1, s2, s3}, and the message function is

o (v) = s1La, (v) + sy, (0) + s34, (v)

where A;, A,, and A3 are (unions of) intervals shown on Figure 3. The above disclosure policy
effectively discloses which set of A;, Ay, and A3 that the true model parameter v belongs to. The
boundaries of the intervals are chosen such that the following three conditions are satisfied. First,
the equilibrium of subgame s; is the same as the no disclosure equilibrium, i.e., (vi,¢;) = (vy, cy);
second, Ay = [vy,vy + 0] is a small set, where § < 1; finally, the remaining regions is As, i.e.,
Az =[0,0] — A U As.

Note that this commitment to reduced lending corresponds to less frequent use of borrower data in lending
decisions. In our model, the lender rejects the borrower regardless of his data when v falls below a certain cutoff,
meaning the data is effectively not used in those cases. In contrast, when v exceeds the cutoff, the lender approves the
loan only if the borrower has x = 1. Thus, the lending decision depends on borrower data only when v is above the
cutoff. As a result, a higher cutoff implies a lower probability that the lending decision is conditioned on borrower
data, which effectively reduces the lender’s usage of borrower data. 000

10We consider an extension about this assumption in Section 5.1.
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Figure 3: Suboptimality of No Disclosure Policy

We now compare the lender’s payoff under the new disclosure policy and under no disclosure,
for any true model parameter v. For v € A;, the lender’s payoff remains unchanged, as the subgame
equilibrium s, is identical to that of the no disclosure case. For v € A, the probability measure
of A, is of order O(§). Moreover, in this case, the lender’s payoff is strictly less than x4 under no
disclosure and is nonnegative under the new policy. This implies that the difference of payoffs from
this region under these two disclosure policies is of order o(9). For v € Aj, the new policy reduces
the probability of financing a borrower with z = 1 relative to the no disclosure case, since financing
occurs only when v lies in the right subinterval of A;. This reduces data manipulation, improves
the lender’s inference, and increases her payoff, which is of order O(d). When ¢ is sufficiently
small, compared to the no disclosure policy, the magnitude of the payoff loss from Aj is one order
less than the payoft gain from As. Hence, the lender obtains a strictly higher payoft under the new
disclosure policy.

Another natural guess for the optimal disclosure policy is full transparency, i.e., disclosing the
exact value of v to the borrower. We can show that full transparency leads to the worst outcome,

and thus it must be suboptimal.

Lemma 3.4. The lender’s payoff when making the model parameter v fully transparent, W, is

zero.

Since the lender’s payoff must be nonnegative, Lemma 3.4 implies that making the model
parameter v fully transparent leads to the worst payoff. The intuition is straightforward: when the
borrower knows the exact value of v, in equilibrium, the lender must be indifferent between lending
to a borrower with z = 1 and rejecting. This implies that the lender’s payoff from financing a
borrower with data x = 1 must be zero for all values of v. This result is consistent with the common
view that disclosing too much information about an internal model will hurt the model user due to

“gaming the system.”

Remark 3.1. Proposition 3.2 and Lemma 3.4 jointly imply that the optimal disclosure policy must

feature partial disclosure.
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4 General Properties of Optimal Policies

Before analyzing the general properties of optimal policies, let’s first consider the properties of any
subgame equilibrium. Lemma 3.1 implies that for any two signal realizations s; and ss, we must
have

Cs, § Cs, < Vs, § Vs,-

When the manipulation cost cutoff ¢, is higher, the borrower is more likely to manipulate his data,
making it harder for the lender to infer the borrower’s true type when observing = 1. Consider

an arbitrary signal s with posterior belief 7. Let
As = {v € supp (m) s (1,0) > 0}, A7)

denote the subset of the support of v|s in which the lender lends to a borrower with data z = 1 with

positive probability, and let
R, = {v € supp (m,) [os (1,v) = 0} (18)

denote the subset in which the lender lends with zero probability. We refer to A, and R, as the
acceptance region and rejection region, respectively. Clearly, A, and R, are disjoint, and together
they cover the support of the posterior belief, i.e., A; U R; = supp(ms). The following lemma
shows that, under any optimal policy, both A, and R, must be non-empty, and the lender approves

the borrower with data x = 1 with probability one for all v € A,.

Lemma 4.1. Suppose (S, &) is an optimal policy. Then, for almost all s € S, both A, and R are
non-empty sets, and As = {v € supp (75) |as (1,v) = 1}.

Since the lender’s action o (x, v) is always increasing in v, for any subgame s, we must have
sup R, < v, <inf A,,

showing that the acceptance region A, and rejection region R, are separated by the signal-contingent
equilibrium cutoff v, for any signal s. This result follows directly from the lender’s ex post
optimality condition: it is always optimal to approve a borrower with data x = 1 when the true
model parameter v is higher. The following theorem demonstrates that this intuition also holds

from an ex ante perspective under any optimal policy.

Theorem 4.1. Suppose (S, ) is an optimal policy. Then, there must exist a signal-independent
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cutoff v*, such that for almost all s € S, we have
sup Ry, < v* <inf A,

where Ay and R are the acceptance and rejection regions defined above.

Theorem 4.1 provides a necessary condition that all optimal policies must satisfy. Intuitively,
the lender approves a borrower with data x = 1 if and only if v is sufficiently high. While this
condition has been shown to hold under any subgame in previous analyses, Theorem 4.1 shows
that it must also hold unconditionally across all signals under the optimal policy, i.e., for any signal
realization s, the lender approves a borrower with = = 1 if and only if v > v*. For clarity, we refer
to v* as the unconditional lending cutoff. In contrast, we refer to v, as the ex post lending cutoff, as it
is the equilibrium lending cutoff conditional on signal s. Later, we will show that the unconditional
lending cutoff v* plays a central role in characterizing the optimal policy. To gain further insight,
the following proposition establishes a connection between v* and the ex post equilibrium cutoff v

across all signal realizations.

Proposition 4.1. Suppose (S, ) is an optimal policy. Then, up to a set of signals with measure
zero, we have v, < v*, and

v =supv,.
seS

Proposition 4.1 shows that, for almost all signal realizations, the ex post lending cutoff v
satisfies vy < v*. In the subgame following any such signal s, the lender approves a borrower with
x = 1 if and only if v > v,. However, Theorem 4.1 shows that under signal s in the optimal policy,
a borrower with = 1 is approved if and only if v > v*. These results together imply that the
posterior belief must satisfy

supp(ms) N (vg, v*) = 0,

so the interval (v, v*) has zero probability measure under 7¢. That is, there must be a gap in the
borrower’s posterior for almost all signal realizations. As a result, even though the lender would
approve a borrower with data z = 1 if v > v, no borrower is actually approved for v € (v, v*)
because this region is excluded from the posterior. This feature holds for almost every signal
realization.

By inducing different posterior beliefs, the optimal policy creates a sequence of signals and
subgames with different ex post lending cutoffs v, which converge to the unconditional lending
cutoff v*. This structure reveals a key principle of optimal disclosure: while revealing partial
information about v, the optimal disclosure preserves uncertainty by introducing gaps between the

rejection and approval regions. This uncertainty reduces the borrower’s ability to game the system.

22



To understand why the optimal information structure mitigates data manipulation and improves
the lender’s payoff, we first compare the ex post lending cutoffs under the optimal disclosure policy

with the lending cutoff under no disclosure, as shown in the following proposition.

Proposition 4.2. Let (S, &) denote the optimal policy in Theorem 4.1, let v* denote the associated
unconditional lending cutoff, and let v, denote the ex post lending cutoff following signal realization

s under this policy. Let vy denote the lending cutoff in the equilibrium with no disclosure. Then
v > vy > inf v,.
seS

Now let us consider why the optimal disclosure policy can dominate the no disclosure policy.
Consider two signals under the optimal policy, s; and s», with ex post lending cutoffs vy, < vy <
v,,. Proposition 4.2 guarantees the existence of these two signals. In subgame s,, compare to the no
disclosure equilibrium, the lender requires a higher model parameter v to approve a borrower with
data x = 1. As aresult, the approval region vy, vy + ¢] (0 < 1) in the no disclosure equilibrium
becomes a rejection region under subgame s,. In subgame s;, although the lending cutoff vy, is
lower than the cutoff under no disclosure, it is still sufficient to ensure that the lender rejects any
borrower with data x = 1 for all v < v,,. Compared to the no disclosure equilibrium, subgame s,
results in a lower payoff for the lender due to more severe data manipulation, whereas subgame s;
leads to a higher payoff due to reduced manipulation. Under the optimal policy, the positive effect
from subgames like s; outweighs the negative effect from subgames like s,, and thus the lender’s
payoff improves.

Finally, we show that for any optimal disclosure policy, there exists a deterministic policy that

induces the same equilibrium outcomes, as stated in the following lemma.

Lemma 4.2. For any optimal disclosure policy (S, ), there exists a deterministic policy (S, o)
with the same signal space, the same distribution of signals, and the same posterior belief for each

signal s € S, such that the equilibrium is identical under both policies for any signal s € S.

The intuition behind Lemma 4.2 is as follows. For any signal realization s, the key equilibrium
objects are the lending cutoff v and the probabilities Prof(v > vg|s) and Prof(v < v,|s). A type
X = 0 borrower’s data manipulation incentive depends only on the probability of being approved
when switching data from x = 0 to x = 1. Therefore, as long as Prof(v > v;|s) and Prof(v < vg|s)
remain unchanged, the equilibrium remains the same, regardless of the distribution of v conditional
onv > v, or v < vg. Lemma 4.2 follows directly from this observation.

Lemma 4.2 greatly simplifies our analysis and allows us to focus on the message function o
defined in Definition 3.2 rather than the distribution function ¢ in Definition 3.1. The next theorem

presents the characterization of optimal policies.
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Theorem 4.2. There exists a deterministic optimal policy (S, o) such that:

1. o (v) = v, for any v and s satisfying v € supp (7)), meaning the message space is chosen

such that the message is the lender’s ex post lending cutoff under that signal.
2. There exists a cutoff v* € (0,v), such that:

(a) o (v) is a weakly increasing function on [0, v*].

(b) Foranys € S, both the rejection region R, and the acceptance region A, are nonempty,
and satisfy Rs C [0,v*] and As C (v*, ).

There are several implications from Theorem 4.2. First, as we discussed in Lemma 4.1, a
borrower with data x = 1 is approved with positive probability under any signal realization s. This
means that data manipulation always exists under any signal realization. This implication rules out
some disclosure policies. For example, it is suboptimal if the lender chooses a policy that reveals
whether v is below the investment / or not. Financing the borrower is always inefficient if v < [
is revealed, regardless of the borrower’s type. Therefore, if v < [ is revealed, there will be no
loan approved and no manipulation. This disclosure policy is dominated by no disclosure because
the lender does not benefit from states where v < [, but the borrower will choose to manipulate
more in states where v > I. In fact, Theorem 4.2 shows that it is optimal to mix low states (where
v < v*) with high states (where v > v*) to preserve uncertainty about the model parameter v under
any signal realizations. Second, the message function o is a weakly increasing function on [0, v*].
This implies that lower values of v in rejection regions correspond to equilibria with lower ex post
lending cutoffs. This is intuitive because lower ex post lending cutoffs indeed necessitate lower v
values in rejection regions.

To make more precise predictions about the optimal policy, we impose a distributional assump-
tion on the manipulation cost K (c¢). With this assumption, we can derive optimal policies in closed

form.
Assumption 2. cK (c) is a convex function of ¢ on |0, ¢.

A sufficient condition that guarantees Assumption 2 is that K(-) is convex. Many commonly
used distribution functions satisfy this assumption, including the uniform distribution, power dis-
tribution, and truncated exponential distribution.

The role of this assumption is as follows. Under any signal s, condition (8) implies that c, is
linear in the probability that a borrower with data x = 1 is approved, while condition (10) implies
that K (c,) is linear in the ex post lending cutoff v,. The lender’s objective (11) implies that the cost
of financing a borrower with data = = 1 under signal s is proportional to ¢; K (c;). Then Assumption

2 ensures that spreading the signal distribution more widely reduces the expected financing cost
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across all signals. In fact, the following theorem shows that the optimal policy consists of exactly

one discrete signal and a continuum of continuous signals under this assumption.

Theorem 4.3. When Assumption 2 is satisfied, there exists a deterministic optimal policy (S, o),
that has the following structure on [0, v*|: there exists a cutoff v, € (0, v*) such that S = [v,, V'],
o (v) = v, for any v € supp (75), and

v, Ifv € [0,v,]

o(v) = ‘ :
v ifv € (v,, V]

Theorem 4.3 characterizes the message function in the region where the model parameter v is
below the unconditional lending cutoff v*. The signal space consists of a discrete signal s = v, and
continuous signals s € (v, v*]. Forany s € (v,, v¥], when the signal s = v is realized, the borrower
knows that the model parameter is either exactly v or strictly greater than v*. This confirms our
earlier result that the borrower’s posterior belief must have gaps. Moreover, since s = v = vy, the
value v represents the highest model parameter that the lender would reject for a borrower with
x = 1 under the associated signal. Thus, for any signal s € (v,,v*], each value in the rejection
region corresponds to the highest model parameter the lender is willing to reject under its signal.
For the discrete signal s = v,, it has the lowest ex post lending cutoff and the lowest manipulation
cost cutoff. So in equilibrium, compared to all other signals, a borrower of type X = 0 is least
likely to manipulate under this discrete signal, and a borrower with data x = 1 is least likely to be
financed. The rejection region under the discrete signal consists of the bottom values [0, v, ], where
v, 1S the highest model parameter under which the lender still chooses to reject a borrower with
2 = 1 under this signal.

In the region where v > v*, the message function is quite flexible. In equilibrium, the borrower
cares only about the probability that v exceeds v*, not the specific distribution. As a result, any
message function that preserves this probability can be part of an optimal policy. The following

proposition provides an example of such an optimal policy.

Proposition 4.3. When Assumption 2 is satisfied, there exists a deterministic optimal policy (S, o).
For v < V¥, function o (v) is characterized in Theorem 4.3. For v > Vv, there exists v, € (V*,0),
such that:

Vg ifv e (v, )
y() ifve (0]



Here 7y : [0y, 0] — [v4, V'] is a continuous, strictly increasing function satisfying the following

differential equation:

o= [ ()|

o(w)  _ Gw)-G(v")
v)9(7a) G(va)

with boundary conditions vy (vy) = v,,y (v) = V¥, and 7

Based on the above results, for any given v*, we can solve for the message function (including
the boundaries v, and v;) using the conditions in Theorem 4.3 and Proposition 4.3. Thus, the only
remaining part of the optimal policy to be determined is the cutoff v*. The optimal policy also has
a simple structure. According to Theorem 4.3, the signal space consists of a discrete signal s = v,
and continuous signals s € (v,,v*]. Under the discrete signal s = v,, the borrower’s posterior
belief about v is supported on two disjoint intervals, [0, v,| and (v*, v,]. For any continuous signal
s € (vq, v*], the posterior belief is a two-point distribution, with one point above v* and one below.
Thus, although the borrower receives additional information about v, his posterior belief remains
highly uncertain.

Thus, finding the optimal message function reduces to finding the optimal cutoff v*. The

lender’s problem in Proposition 3.1 becomes a one-dimensional maximization problem,
max W,
v*

where W is defined by (12) under a disclosure policy with signal space S = [v,, v*] and message
function 0. The value v, and message function ¢ are solved by Theorem 4.3 and Proposition
4.3. Since the optimization problem does not admit a closed-form solution for v*, we present a
numerical example of an optimal policy in Figure 4.

As discussed earlier, the optimal policy includes a discrete signal that induces a posterior belief
supported on two disjoint intervals, shown as the two blue intervals in Figure 4. The policy also
features a continuum of signals, represented by the red segments of the message function. For each
realization of the continuous signal, the posterior belief is a two-point distribution: one point below
v* and one point above it (depicted as red points). The left red segment corresponds to a 45-degree
straight line, while the slope of the red segment above v*, the function ~y, determines the relative

probability between the two points. Under this optimal policy, the equilibrium approval probability

1 . 1 v
K1 (5_1>
b (1—u I )’

which is an increasing function of the signal s = v;.

under each signal s is given by
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The Message Function o (v)

1.8 -

1.7

1.5

1.4 | | | 1 | J

Figure 4: Optimal Policy. We present a numerical example of the optimal policy. In this exercise,
we use the following parameters: = 0.35, ¢ = 2,b = 1.7, [ = 1, v = 2.5. Both c and v follow
uniform distribution. In this exercise, v, = 1.433, v = 1.757, v, = 2.299. As a benchmark, in
this case, vy = 1.581.

4.1 Monotone Policies

The general form of optimal disclosure policies belongs to a special class of pairwise disclosure
rules studied in Kolotilin and Wolitzky (2020). A key feature of the optimal disclosure is its
non-monotonicity: equilibrium outcomes such as manipulation intensity can be non-monotonic in
the underlying state.

In practice, however, model users (like the lender in our model) may face institutional or
operational constraints that limit their ability to fully design arbitrary disclosure rules, and in fact,
they often adopt relatively simple disclosure rules with only a limited number of signal realizations.
In some cases, they choose not to disclose any information at all, keeping the model fully opaque,'!
a practice that our main analysis shows to be suboptimal.

In this section, we provide a rationale for these empirical observations by introducing an
additional constraint. Specifically, we assume that the lender is limited to using monotone policies,
where the message function must be monotonic in the true model parameter v. It is clear that
under monotone disclosure policies, the borrower’s posterior belief about v must be an interval.
Monotone policies have been extensively studied in the literature and are simple to implement in

practice, for instance through rating systems. The following is a formal definition of monotone

"'"This issue is especially pronounced when lenders adopt increasingly complex models to screen borrowers. See the
media discussion in The Secret (Controversial) Sauce, published in the FinTech Collective newsletter on September
25, 2023.
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policies.

Definition 4.1. A deterministic disclosure policy (S, o) is called a monotone policy if and only if

the message function o(v) is a monotonic function of v.

Unlike the results in our main model, where the optimal disclosure policy includes one discrete
signal realization and a continuum of continuous signals, the following result shows that under

monotone policies, the optimal disclosure consists only of discrete signals.
Proposition 4.4. In any optimal monotone disclosure policy, the signal distribution is discrete.

The intuition behind Proposition 4.4 is as follows. Under the restriction to monotone policies,
any continuous signal realization must perfectly reveal a specific true model parameter v. However,
this implies that the lender’s payoff from such a signal is zero, which is the worst possible outcome.
Since the lender strictly prefers to avoid fully revealing the true model parameter, the optimal
monotone policy cannot include any continuous signals. As a result, it must consist only of discrete
signal realizations.

Within the class of monotone policies, the following result provides a condition under which

no disclosure is optimal.

Proposition 4.5. If g(v) is weakly decreasing, then the optimal monotone disclosure policy is no

disclosure.

Proposition 4.5 shows that, when disclosure is restricted to monotone policies, no disclosure is
optimal if the probability density function of the model parameter v is decreasing. This condition
implies that v is left-skewed. The intuition is as follows. When the distribution of v is left-skewed,
the lending cutoff vy in the no disclosure equilibrium is relatively low. As a result, the probability
that the borrower chooses to manipulate his data is also low, and the lender’s expected payoff is
relatively high. Partitioning the domain of v into multiple intervals yields limited gains in the
low-v region, where manipulation is already low in no disclosure equilibrium. However, in the
high-v region, the equilibrium lending cutoff rises substantially, which reduces the lender’s payoft.
Therefore, under monotone disclosure and a left-skewed distribution of v, it is optimal not to

disclose any model information v.

4.2 Other Applications

While our main analysis is framed in a lending setting, the underlying mechanism applies more
broadly. In this section, we illustrate how the same logic can be applied to a variety of real-world
contexts, including college admissions, bank stress testing, health insurance underwriting, and

online marketplaces. These examples share the core features of our model.
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School Admission. A graduate program uses GRE scores to screen applicants. The program
decides whether to admit a student. Admitting a student incurs a fixed cost /. If the student
eventually succeeds academically, the program receives a normalized reputation utility of 1 (e.g.,
from improved reputation); if the student fails, the reputation utility is 0. Academic success is
unobservable at the time of admission, but the GRE score provides informative signals. Specifically,
if students do not prepare for the GRE, getting a score below 300 always implies academic failure,
while a score above 300 implies a probability of success equal to v, where the common prior
is v ~ G(-). The school observes the realization of v from historical data, but students do not.
Being admitted generates a utility of b for students. Based on their belief about v, students choose
how much effort to invest in preparing for the GRE. Preparation does not affect the probability of
their academic success, but can raise their GRE score. Students with a baseline score (without
preparation) below 300 can boost it to above 300 by incurring a private effort cost ¢ ~ K(+). The
school decides how much information about v it discloses to students.

Bank Stress Test and Communication. A regulator must decide whether to pass a bank based
on its underlying quality (e.g., its risk profile). Failing a bank yields a payoff of zero. Passing a
high-quality bank generates a payoff of v — I, while passing a low-quality bank results in a loss
of —1, where v ~ G(-). The regulator privately observes the realization of v, which may reflect
broader objectives such as financial stability, risk tolerance, or expected market conditions. Passing
the test always generates a benefit of b for the bank. The bank’s true quality is unobservable but
can be inferred from its self-reported stress test results. If the bank reports truthfully, passing the
stress test always indicates high quality, while failing indicates low quality. However, a low-quality
bank can manipulate its stress test results to appear as passing by incurring a private cost ¢ ~ K(+).
The regulator can commit to a disclosure policy over v to communicate with the bank, thereby
influencing their incentives to manipulate test results and maximizing its expected payoff. This
communication may involve conveying the regulator’s regulatory goals or projections about future
market conditions which are linked to the value of v.

Health Insurance Screening and Disclosure. A health insurance company decides whether
to offer an insurance contract to a patient based on the patient’s underlying health risk. Not offering
coverage yields a payoff of zero. Offering insurance to a low-risk patient generates a payoff of
v — I, while offering insurance to a high-risk patient results in a payoff of —I, where v ~ G(+).
The insurer privately observes the realization of v, which may reflect the insurance company’s
risk tolerance, or internal forecasts such as expected claim costs, market dynamics, or regulatory
considerations. The patient receives a benefit of b when covered by the insurance. The patient’s
true health risk is unobservable but can be inferred from self-reported medical history. If the patient
reports truthfully, the medical record perfectly reveals their risk type. However, a high-risk patient

can conceal part of their medical history to appear low risk by incurring a private cost ¢ ~ K(-)
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(e.g., due to regulatory or reputational risks). The insurer can commit to a disclosure policy over v
to communicate with patients. By strategically revealing information about v (like the company’s
risk tolerance or internal forecast model), the insurer can influence patients’ incentives to conceal
their medical history.

Online Seller Promotion and Rating Manipulation. In online marketplaces, customer ratings
play a central role in determining which sellers gain visibility and platform support. A platform
may choose to feature certain sellers, but featuring each seller incurs a cost of [ for the platform.
Being featured generates a benefit of b for each seller. The platform’s payoff from featuring a
seller depends on their unobserved quality: high-quality sellers generate a payoff of v — I for the
platform, while low-quality sellers result in a loss of —1, where v ~ G(-) is observed privately
by the platform based on internal forecasts like user satisfaction metrics or long-term retention
outcomes. Ratings provide information about seller quality. When ratings are unmanipulated, a
high rating means high quality, and a low rating means low quality. However, low-quality sellers
can manipulate their ratings by purchasing fake reviews at a private cost ¢ ~ K (-). To mitigate
such manipulation, the platform can design a disclosure policy over the realized value of v. By
strategically revealing information about the benefit of featuring high-quality sellers (for example,
historical sales data), the platform can deter sellers’ rating manipulation incentives and improve the

efficiency of its promotional decisions.

5 Extensions

5.1 Commitment: Information vs Decision Rules

Our paper focuses on the role of disclosing model information. Section 3.3 shows that committing
to a higher model parameter threshold for approval decisions can also improve the lender’s payoft.

In this section, we compare the role of commitment to information disclosure (disclosing model
information) with commitment to action (committing to how the model is used). We show that even
when the lender commits to the optimal approval decision by specifying which model parameters
lead to borrower approval, she may still achieve a higher payoff by disclosing additional information
about the model itself. Thus, the benefit of model transparency cannot be fully replaced by stronger
commitment to the decision rule.

To begin our analysis, consider a benchmark case where the lender commits to approval
decisions. Suppose the lender commits to approving a borrower with data x = 1 when v > z, and

rejecting any borrower with x = 0 outright.!? Then the lender’s problem is:

12We could consider a more flexible lending rule where the lender approves a borrower with 2 € {0, 1} if v > v,,
allowing approval of borrowers with x = 0. This flexibility might improve the lender’s profit by deterring manipulation
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mae [ [ = pl = (1= ) K (¢) 1} dG (),

where c¢ is determined by b - (1 — G (z)) = c. Let the solution to this problem be z* = v,, then

borrower’s manipulation cost cutoff in this case is
ce=0b-(1-G(v)).

We are interested in whether additional disclosure about the model parameter v can further
improve the lender’s payoff, even when she has full commitment power over approval decisions.
After committing to the optimal approval cutoff v., suppose the lender can also choose a disclosure
policy (S, o) and reveal information about v before the borrower chooses his manipulation strategy.
The following proposition shows that the lender may achieve a higher payoff through additional

disclosure about the model parameter v.

Proposition 5.1. Suppose the lender commits to only approving the borrower with data x = 1 when
the model parameter v > v.. If the function xK (x) is strictly concave at x = c,, then the lender
can receive a higher payoff by disclosing additional information about v compared to disclosing

nothing.

Although the key friction in our model is the lender’s lack of commitment, Proposition 5.1
shows that the benefits of model transparency cannot be fully replaced by commitment to approval
decisions. Instead, the lender can achieve a higher payoff by disclosing additional information

about the model, even when she has full commitment power over approval decisions.

5.2 Costly Verification

In practice, some data manipulation behavior is classified as fraudulent activities (like misreporting
personal information), and lenders can costly verify fraudulent activities using various methods,
which is another way of mitigating data manipulation. In this extension, we consider how model
transparency interacts with costly verification in the lender’s problem.

We introduce one additional assumption to the main model. After a signal s is disclosed, the
lender has the option to verify and reveal the borrower’s true type X by paying a costt > 0. As
we discussed in the main model, only a borrower with data z = 1 has nonzero probability of being
approved, so we just need to focus on the lender’s decision to verify the true type of a borrower

with data x = 1. Consider a subgame with posterior belief 74, a borrower with X = 0 chooses to

incentives. However, under certain distributional assumptions on K (¢), it is optimal for the lender to commit to always
rejecting borrowers with z = 0. This case also allows for a comparable analysis with our baseline model.
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manipulate if and only if his manipulation cost c is lower than c,. Then in equilibrium, if the lender

verifies the borrower’s type, her payoff is
Wy =max {pv — pul, 0} — (p+ (1 — p) K (c,)) ¢
If the lender chooses not to verify the borrower’s type, her payoft is
Wyy = max {pv — pul — (1 — p) K () 1,0} .

When t > %I , we must have Wy > Wy, for all v. In this case, the lender will never
(1-p) K(cs)

verify the borrower’s true type. When ¢ < "

W[, we have

N+(1—M)K(Cs)
W

Wy >Wyy <= v>v.=1+ t,

and the borrower’s type must be verified before he is approved. However, this implies that the
borrower with type X = 0 will never manipulate his data x, and thus the lender ultimately has no
anti : ; (1-w)K cs)
incentive to verify the borrower’s type. Thus, t < K (ed)
subgame s. If in a subgame s, the lender verifies the borrower’s type with positive probability, it

must be that

I cannot hold in equilibrium for any

(- pK(e)
Pt (1 - M)K<cs) '

Therefore, there can be at most one subgame s in which verification occurs with positive probability.

The following theorem provides a complete characterization of the optimal policy with costly type

verification.
Theorem 5.1. With costly verification, there exists a threshold t’ such that:

1. Whent >t the lender never verifies the borrower’s type, and the optimal disclosure policy

coincides with that in the main model.

2. Whent < t°, there exists v, € (0, ], such that the optimal policy can be implemented in two
steps:
(a) The lender first discloses whether v > v,.

(b) If v > v, the lender verifies the type of a borrower with data x = 1 with a positive
probability, and approves the borrower if his type is either not verified or verified to be
X =1

(c) If v < v, there is no verification. Information about v is further disclosed according

to a policy (S, "), where (S, ") is an optimal disclosure policy characterized in
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Theorem 4.2 with a modified prior belief G* (v), where

g&’l}‘

G" (v) = min{

Theorem 5.1 shows that disclosure and verification interact in a simple way: when the model
parameter v is sufficiently high (v > v,), only verification is used to deter manipulation, and no
further disclosure is needed. When v is low (v < v,), only disclosure is used to deter manipulation,

and verification is not used.

6 Conclusion

We study the optimal model transparency in a lending setting where a lender uses a privately
observed predictive model to screen a borrower. Under the optimal disclosure policy, information
about the model is partially disclosed to the borrower. The lender uses borrower data less intensively
in her lending decisions, reducing data manipulation and improving efficiency. Despite receiving
additional information from the lender, the borrower’s posterior belief about the model remains quite
uncertain. No disclosure can be optimal when disclosure policies are restricted to be monotonic.
Model transparency can improve the lender’s payoftf even when she has additional commitment
power over lending decisions or the ability to verify the borrower’s type at a cost. Overall, our
results highlight that model transparency can serve as a powerful tool to mitigate strategic behavior

in data-driven decision-making environments.
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Appendix

A Proofs

A.1 Proof of Lemma 3.3

Given vs; = vy + 6, the borrower’s manipulation cutoff c; satisfies b (1 — G (vs)) = c5. The

lender’s payoff is )
W= [ [uo = (u+ (1= p) K (c3)) T g (v) v,

vs

SO

dWs
do

=—[puvy — (u+ (1 —p) K (cn)) I]g(v) +/U: <_(1 — ) 1g(v) deESC6)

dv.

0=0
19)

The equilibrium condition of the no disclosure equilibrium is vy — (u + (1 — ) K (en)) I = 0.

And it’s clear that “<(cs)

do
dWs
do

0=0

o < 0 because K’ is always strictly positive. Then we must have

> 0.
6=0

A.2 Proof of Proposition 3.2

In the no disclosure equilibrium, the belief about v is the same as the prior, the lending market
equilibrium is characterized by ¢y and vy, which satisfy conditions (8), (9) and (10). Let the
lender’s payoff be Wy in the no disclosure case. Now let’s consider the following deterministic

disclosure policy (S’,0”), where 0 < €1, €6 < 1, 8" = {s], s4}, and the message function is

o () = s v e 0,V U[vn,vn + €] U[v— €, 7]
sy ve (v,vn)U(vy +€1,0 — €)

where v] < vy satisfies

Prob (U € [VN,VN + 61] U [1_) — 62,1_}])
Prob (v € [0,v1] U [V, vy + €1] U [0 — €, 1])

b:CN.

Denote the equilibria under signals s} and s, as (vs/1 ,Cy, ) and (vsx2 ;Cs, ) , respectively, it’s easy
to verify
(Vs’lu cs’l) = (Vséa CS/Q) = (VN7 cN) .

Then changing to the policy (S’, 0’) doesn’t change the lender’s payoff, i.e., W = W', where the
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lender’s payoff under disclosure policy (S, ¢’) can be written as
W’ =Prob (v € [0,v}] U [vw, vy + e1] U [0 — €3, 0]) - E*S {(W —(n+ Q= p) K (ey)) 1) - ]1{ > }]

+ Prob (v € (v}, vn) U (vy + 1,7 — €3)) - E*2 {(;w —(p+(1-pK (Cs’z)) I)- ]l{ . }] . 0)
Then, let’s construct a new disclosure policy based on (S, 0”), and show that the new disclosure
policy increases lender’s payoff. Let’s consider the deterministic disclosure policy (S”,¢”), with

S" = {s, s5, 54}, and message function

si v e vy, vy + €]
o' (V) =18l vel0,0]]U[D— e, 1]

sy v e (v, vn) U (Vy + €,0 — €3)

The signal realization s is “equivalent” to the signal realization s, in disclosure policy (S, ¢’), both
induce the same posterior belief on (v}, vy) U (vx + €1, — €2). When signal s/ is disclosed, the
borrower knows that the true state v € [vy, vy + €1]. In the no discloure case, the lender’s payoff
in state [vy, vy + €] is close to zero (in order o (€1)), as vy is the equilibrium cutoff in lending
decisions. So the difference between the lender’s payoff in the subgame s} under the disclosure
policy (S”,0”), and the lender’s payoff in the no disclosure case when v € [vy, vy + €] is close
to zero. However, the increase in lender’s payoff is non-trivial. Note that the approval probability
is lower under s compared to the no disclosure case, so the equilibrium data manipulation level
is lower under s. As what we will show later, this is the dominating effect, and thus the lender’s
payoff increases under the disclosure policy (S”,0”). To see this, note that the lender’s payoff
under (8", 0") is

1

W" =Prob (v € [vy, vy + €1]) - BT [(/w - (“ +1-pK (cs/{)) I) ' ]l{UZV //}]

+ Prob (v € [0,v}] U [0 — eg,7]) - B

(/w - (u+ (1-p) K (ng)) I) ’ 1{v>v5g}]

+Prob (v € (vf,vn) U (vy + €1, — e)) - ES [(/“’ - (“ +A-pK (csé'» I) ' 1{U>v,,,}] '
21

It’s obvious that the last term in (21) equals the last term in (20), because equilibria under signal
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realizations s and s, are the same. Then

W// _ W/

—Prob (v € [vy, vy + &) - E*Y [(uv — (A= K (ey)) ) - “{m }]
4 Prob (v € [0,0)] U [0 — e, 7)) - E¥ [(/w —(n+ A=K (ey)) 1) ﬂ{msg}]
— Prob (v € [0,0}] U [y, vy + 1] U 5 — 2,7]) - E* [(uv — (i A=) K (eg)) 1) - “{m;}]
>Prob (v € [0,0}] U [0 — e, 7]) - E* [(uv —(p+ (= K (ey)) ) - l{m , }]

— Prob (v e [0,0] U [vy,vn +e1] UG — e2,7]) - ES [(uv— (+ 1= p) K (cy)) 1) - l{m,}] '

Note that Vg = Vy, We know

Prob (v € [0,v] U [vy, vy + &) U [0 — €, 7]) - B [(MU —(u+ (1 -pK(e))I)- ]l{va , }]

_ Prob (vevn,vy +e]) Ef(pv—(u+ 1 —p) K (cn))I) v € vy, vy + €1]]
+Prob (v € [0 — €2,7]) - E[(uv — (p+ (L= ) K (en)) v € [L —e2,1]]

Then

w’ — W' > Prob (7) € [7_) - 6271_1]) ’ [(1 - N)I (K (CN) - K (CSQ'))} —
Prob (v € [vy,vy +€1]) - E[(pv — (u+ (1 —p) K (en)) I) |v € [va, vy + €1]]

In the equilibrium of subgame s/,

Prob (v € [v — €g,7)])
Cs// = — —
2 Prob (v € [0,v]] U [v — €, 7])
1-G (l_} - 62)
1-G(v—€)+G(v))

=b

Fix €9, and let ¢; — 0, then

Cyv —Coy 1-G((v—€)+G(vw+e)—G(vy) B 1 -G (v—e)
b C1-GU—e)+GW)+G(vy+e) —G(vy) 1—-G(0—e)+G )
G (v1)

S U= G—a) 4@ M ateta)
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Then

w" — W'
Prob (v € [v — €, 7])

001 (K e~ K (o) -
bl (B (vfv € [viv, v + 1)) — v)
G (v))
[1—G(v—e)+ G (V)]

g(vn) e +o(e)
1-— G(@ —62)

> (1= p)IK (en)b 59 (vn)er+o(er) — HET -
It’s clear that when ¢, — 0, W” — W'’ > 0, which means that the no disclosure policy is dominated

by our new disclosure policy (S”, 0”).

A.3 Proof of Theorem 4.1

Suppose there exists an optimal disclosure policy (S, &) and it induces the distribution of posteriors
{F,7s}. If S is a singleton, then the policy is just the no disclosure policy. In this case, let v = vy,
then this result is obviously true. If S is not a singleton, let’s prove the result by contradiction. For
any s, let R, = sup R, and A, = inf A,. If forall s;,s, € S, f_isl <A
be true. If there exist s; and s», such that 1:251 > A, , by the definition of R, and A,, there must exist

E2Y P Y

s,» then the statement must
v; € Ry, and vy € Ay, such that v; > vy. Since v; € supp (7, ) and ve € supp (s, ), then for any
€1 > 0 and e; > 0, and open balls B (v1, €1), Ba (v, €2), we must have Prob (B (vy,€;) |s1) > 0
and Prob (B (vg, €2) |s2) > 0. Let us choose €1, e, < “23*, then inf B (vy, €1) > sup By (vg, €2).
Denote Prob (B (v, €1)|s1) = K; > 0 and Prob (B (v, €) [s2) = Ko > 0. If f(s1) K1 >
f(s2) K. 5,13 let’s consider the following distribution of posteriors: {F , ﬁs}, where S = S , F=F ,
and

S s ) K .
s + foe) T Lpten) (V) = HEETor L ) (1) if 5 = 51
7/1\'5 = \Tsy — 7T'52]13(1;2,52) (U) + %ﬂ'sl 13(1}1,61) (U) if s = 52,
e 0.W.

We can check that {F , frs} is Bayes-plausible, and thus there exists a disclosure policy (S’ , 6) that
induces this distribution of posteriors. But now in the new policy (5' , 6), vy & supp (7s, ). And the
lender’s payoff is higher under the new policy (S’ ) 6) because: 1. F' = Fforalls € S = S; 2. the
lending market equilibrium (v, c,) is the same under the two policies for any s € S = S; 3. the
lender’s payoff under any signal realization except for s5 is unchanged; 4. the lender’s payoff under

signal realization s, increases. The last point holds because with the new disclosure policy (S , 6),

3The other case when f (s1) K1 < f (s2) Ko can be proved using the same proof strategy.
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under s9, the equilibrium variables (vy,, €5, ) is unchanged compared to that with policy (S, &), so

the total financing cost is unchanged. But the total payoff generated from the project increases by
[ (s2) - Ky - [E [pw]s1, B (v1, €1)] — E [pv]sa, B (v2, €2)]] -

Since inf B (v, €1) > sup Bs (vg, €2), the term E [pv|s1, B (v, €1)] —E [uv|se, B (ve, €2)] is strictly
positive. Since we assume that the policy (S, ) is optimal, then it must be the case that after
removing a zero-measure set (denoted as Q) in S, we can’t find any s, and s, such that R, > A,
(otherwise the lender’s payoff can be improved). This implies that, for all 51, s € S — (), we must
have Rsl < A,,. Then there must exist a cutoff v*, such that R, <v* < A foralls € S — Q.

Since () is a zero-measure set, the statement of the theorem must be true.

A.4 Proof of Theorem 5.1

Suppose the disclosure policy is (S,5). First, it’s obvious that when the verification cost t is
sufficiently high, the verification technology will never be used. In our analysis, we already
show that in any equilibrium s such that the verification is used, the data manipulation cutoff
o) K(CU)I . And the lending market equilibrium is also
uniquely pinned down. Then there is at most one signal s under which verification is used.

¢, 1s uniquely pinned down by t =

Suppose under s, € S, there is verification used in equilibrium, and Prob (s,) > 0. Let v, be
the solution of pv, = [u+ (1 — ) K (¢,)] I. Then we can weakly improve the lender’s payoff if
supp (7s,) N [0, v,] # 0. To see this, suppose supp (75, ) N [0,v,] = B, and Prob (B|s,) > 0. It’s
clear that the lender will never lend to the borrower if v € B in equilibrium s,. Then let’s consider
a new disclosure policy which keeps everything unchanged except disclosing whether the true state
v € B or not if the signal realization is s, in the previous policy. It’s clear that if the true state
v € B, the lender’s payoff from these states is zero under the old policy, and is non-negative under
the new policy, so it weakly improves. The lender’s payoft from other states are unchanged, because
the lender is always indifferent between verifying borrower type or not under this equilibrium s,,
and thus the lender’s payoff will be unchanged from these states. Then the lender’s payoff weakly
increases under the new policy.

So the lender will reveal whether the state v is above v, or not, and if v > v,,, the lender will
verify the borrower type with positive probability. The borrower’s equilibrium condition implies

that the probability p* satisfies
b(l —p*) = ¢y,

which is p* =1 — <. When v < v, is revealed, the lender will not verify the borrower type, and in

this case, our Theorem 4.2 shows that the lender can maximize her profit by disclosing information
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optimally in the way characterized by the Theorem 4.2, while the only difference being the prior
becoming G* (v) = min {g((;u)), 1}.
The last part of the proof is to show that for any cost ¢,, if when ¢ = ¢,, verification is used

with positive probability under the optimal disclosure policy, then verification will always be used
under optimal policy for any ¢ < ¢,. This result is straightforward. Suppose Wy is the lender’s
payoff when there is no verification technology available, and Wy (¢) is lender’s payoff when
verification is available and the cost parameter is ¢. It’s obvious that Wy, (¢) is decreasing in ¢, so
if Wy (t,) > Wy, we must have Wy, (t) > Wy for any ¢ < t,. This means that when ¢ is below
a threshold (denoted as t”), verification will always be used under the optimal policy.
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Internet Appendix: Model Transparency with Manipulable In-
put

Jian Sun

I.LA.1 Omitted Proofs

I.LA.1.1 Proofs in Section 2

No Disclosure
Based on the distributional assumptions on the manipulation cost ¢ and the probability of

success v, the two equilibrium conditions are b (1 —vy) = ¢y and uvyV = (u+ (1 — p)en) 1.

_ I+ =p)Tb —p. —ulV=D ) .

The unique solution 1s (vN = rtmi N = 0 i

A Binary Signal

When v € A, let’s verify that in equilibrium v; = 0.54, ¢; = 0.34, and W; = 0.19. The two
equilibrium conditions are Prob (v > vi|A) - b = ¢y, and puv;V = (u+ (1 — ) Prob (¢ < ¢4)) I.
Since A = [0,0.54) U (0.64,0.91), and v; = 0.54, ¢; = 0.34, the first condition becomes
% x1 = 0.34, and the second condition becomes 0.3x0.54x 10 = (0.3 4+ 0.7 x 0.34) x 3.
Both conditions hold '* under A = [0,0.54) U (0.64,0.91), and v; = 0.54, ¢; = 0.34. Similarly,
when v € AL, the two equilibrium conditions are m x1=0.48,and 0.3 x 0.64 x 10 =
(0.3 +0.7 x 0.48) x 3. Both conditions hold under A® = [0.54,0.64] U [0.91, 1] and v, = 0.64,
c, = 0.48. Regarding the lender’s profit, W, = 0.3 x 10 x [Y&) (v — 0.54) dv = 0.019, and W, =

0.3x 10 x f1g, (v — 0.64) dv = 0.09. So the total profit is W, = Wi + Wa = 0.19 4 0.09 = 0.28.

LLA.1.2 Proof of v, (1,¢c) =0

Suppose in a subgame s, a borrower with type X and manipulation cost ¢ > 0 chooses v, (1,¢) > 0
in equilibrium. For the borrower, his payoff of not manipulating data is d, (1) - b, while the payoff

of manipulating data is d; (0) - b — ¢. Then he chooses to manipulate the data only if

dy (0) - b—c>dy (1) - b d, (0) — d, (1) >

SO

Since 75 (1, ¢) > 0, we must have

dy (0) —dy (1) > = >0 (LA.1.1)

SO

14Since we just want to illustrate the key ideas, we only keep the first two decimal places of the results in this
example, so the conditions only approximately hold.
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in equilibrium. For a borrower with type X = 0 and manipulation cost c;, the payoff of not
manipulating data is d; (0) - b, while the payoff of manipulating his data is d, (1) - b — ¢;. Condition
(I.A.1.1) implies that ds (1) - b — ¢; < ds (0) - b for any ¢y, which implies that in this equilibrium,
a borrower with type X = 0 never chooses to manipulate data almost surely. Then for the lender,
a borrower with data x = 1 will always has better quality than a borrower with data x = 0, which
means o (1,v) > ay (0,v) for any v and s, and thus d, (1) > d; (0). This is a contradiction to the
condition (I.A.1.1). So in any equilibrium s, we must have 7, (1, ¢) = 0 for any ¢ > 0.

I.A.1.3 Proof of Lemma 3.1

We have already shown that v, (1,¢) = 0, then the lender’s profit of lending to a borrower with
data x = 0, represented by (3), must be negative or zero. When the profit is negative, we must
have a; (0,v) = 0 for any v and s. When the profit equals zero, it must be the case that observing
a borrower with z = 0 is a zero-probability event on the equilibrium path. Then without loss of

generality, we have o, (0,v) = 0 for any v and s. This implies

ds (0) = /OU a5 (0,v) msdv = 0.

For a borrower with type X = 0 and manipulation cost ¢, the optimization problem (6) implies
that he chooses to manipulate his data only if

ds(1)b—c>ds(0)b=0<= c<cs=ds(1)b.

When the lender faces to a borrower with data x = 1, if she makes the loan, her profit (2) becomes

pv—[p + (1 — pu) K (cy)]-1, and she makes the loan (a5 (1, v) > O)only ifv > v, = W

Since d, (1) = J§ o (1,v) wsdv, we must have Prob (v > v,|s) < d, (1) < Prob (v>v,]|s). The
lender’s payoff in the subgame s is

Wo= [ G lp+ (1= ) K (€)1 7 () do
= /VU (v — pvg) s (v) do.

I.A.1.4 Proof of Proposition 3.1

The lender’s original problem is to find a disclosure policy (S, &), which induces a distribution of

the signal F’ (), to maximize the expected profit
W — u/ E[(v—v,)" |s| dF (s). (LA.1.2)
seS
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It’s standard in the literature to work with the distribution of posteriors {7}, instead of disclosure
policies directly (Kamenica and Gentzkow (2011)), but an additional Bayesian plausibility condition

is needed:
/ 1,dF (s) = g (v). (LA.1.3)
sES

Under each posterior 7, the equilibrium conditions are

Prob (v > v4|s) < ds (1) < Prob (v > vyl s),

and
(A —p)K(c)] -1
’ 1
These conditions jointly imply
K (g — 1)
Prob (v > v4|s) < b” B2 < Prob (v > v|s), (L.A.1.4)

where Prob (-] s) is the probability function under the posterior 7s. So the lender’s problem is
equivalent to finding a distribution of posteriors, denoted by S and { F,, 7, }, to maximize (I.A.1.2),
subject to conditions (I.A.1.3) and (I.A.1.4).

I.LA.1.5 Proof of Lemma 3.2

Consider a policy (S, ) with distribution of posterior beliefs { F, 7}, and suppose there exist
two distinct realizations sy, so € S, such that (vg,, €5, ) = (Vs,, Cs,). Then consider a new policy
(8',6"), where 8" = {s;} US\ {51, 52} and

7' (s|v) = 7 (5|v) Ls\fs1,50) (8) + (6 (51]|v) + T (s2]v)) ]1{56} (s)
for all v € [0,v] and s € S'. Note that
&' (slv) = & (slv)

for any v € [0,0] and s € S\ {s1, 52} = S’\ {s(}. Then for any s € S\ {s1,52} = S'\ {3}, the
posterior belief is the same under the two policies, i.e., 7, = 7. So the lending market equilibrium
is the same for any s € S\ {s1,s2} = S’\ {s;} in these two policies. Besides, under the signal
realization s( in the new disclosure policy, we can verify that the equilibrium manipulation cutoff

¢, and lending cutoff v, are all unchanged by verifying the equilibrium conditions for the subgames
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s1 and s, under the policy (S, 7).

I.LA.1.6 Proof of Lemma 3.4

The full disclosure policy (S, o) can be implemented by the space S = [0, v] and a deterministic
message function o (v) = v. In this case, the true state v is perfectly revealed to the borrower.
For any signal realization s = v > I, the lending market equilibrium of subgame s must satisfy
vy = v. Then the lender’s payoff must be zero in this subgame. For any v < I, the lender will
never make the loan, and thus her payoff is zero. In summary, the lender’s payoff is always zero for

any subgame s € S, and thus her total payoff must be Wr = 0.

I.A.1.7 Proof of Lemma 4.1

We prove this result by contradiction. Suppose (S, ) is an optimal policy, with distribution of
posteriors { F, 7 }.

First, Assumption 1 implies that in any subgame s, the approval probability d, () must be less
than 1. Suppose for a signal s, Ry, is an empty set, then we must have Prob (v = v, |so) > 0, and
the lender rejects a borrower with data x = 1 only when v = v,,. R, being an empty set means
that o, (1,vs,) € (0, 1). Then consider an alternative policy (S, 1), withS; = S — {so} {51, s2}
and posterior belief:

veg if s =5
- (lfaso(lvvso))é.vso “Fﬂ'so]l(\,s 7{,] (’U) . o
s = 1—aso(1,Vs0)'Pr0b<”:"So \(;0) if s = 59

(81, 1) represents a simple policy, and it reveals information in the same way as (S, ), except
that if s = s¢ is revealed, and if v = v, then with probability a, (1,vs,), the true state vy, is
revealed. We can verify that the lender’s payoff improves under signal s in this case, because the
approval probability decreases in the subgame s, leading to a lower manipulation cutoff and less
manipulation. However, the lender does not lose profit from financing, because she earns zero from
financing the borrower when v = v,. Since the improvement in the lender’s payoff is positive in
this case, the measure of all signals s satisfying R, being an empty set must be zero.

Second, suppose for a signal s¢, A, is an empty set, then in this case, we must have supp (7s,) <
I, and thus the lender will always reject the borrower. It is obvious that combing this signal with
any other signal will improve the lender’s payoft, as the manipulation will be less severe on average,

and the lender will not lose any profit from financing. As a result, the measure of the signal s that
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satisfies A being an empty set must be zero.

For the last point, we prove the result by contradiction. Note that o (1,v) € (0,1) only if
v = v,. Suppose there exists a set H C S, such that Prob (H) > 0 and for any s € H, v, € A,.
Take any so € H, if Prob (v4,|sg) = k > 0, and ay, (1,vs,) € (0, 1), then following the proof of
the first part of this lemma, we can show that there is an alternative policy that generates higher
lender’s payoft for the subgame s, while keeping the lender’s payoff unchanged for other states.

If Prob (vg,|sg) = k = 0,since vy, € A, thenforany e > 0, we musthave Prob (v € (v, v, + €) [s0) >
0. Following the proof of Proposition 3.2, we know there must exist an alternative disclosure policy
that reveals the states when v € (v, Vs, + €) for a € being small enough, such that the lender’s
payoff improves under signal so,. We omit the details of the proof for this part as it essentially
replicates the proof of Proposition 3.2.

Then in summary, for any set H satisfying vy € A for all s € H, we must have Prob(H) = 0.
Then for almost all s € S, we must have A; = {v € supp (7s) |as (1,v) = 1}.

I.A.1.8 Proof of Proposition 4.1

We establish the following lemma first.

Lemma L.A.1.1. For any optimal disclosure policy (S, ), there must exist a deterministic optimal
policy (S, o) with the same signal space S. Besides, let {F , ﬁs} and {F, s} be the distributions
of posteriors for policies (S,6) and (S, o), respectively, and let (Vs, €;) and (Vs, Cs) be equilibrium

outcomes under policies (S,7) and (S, o), respectively. Then the following properties hold:

1. F = F and (V,, &) = (vs, ;) for almost all s, and the ex ante lending cutoffs defined in

Theorem 4.1 are the same under these two policies, denoted as v*.

2. Forall s € S, both A, and R, are non-empty intervals, where A, and R are defined in (17)
and (18).

3. Forall s1,s9 € S with ¢, < cg,, we have
sup Ry, <inf Ry, (LA.1.5)

and
sup A;, <inf A,,. (1.A.1.6)

Proof. For the optimal disclosure policy (S, ), if S is a singleton, this lemma is obviously true.
If S is not a singleton, there must exist two different signal realizations s; and s, in (S, ), with

marginal probabilities f (s1) and f (s2), respectively. Based on Lemma 4.1, we just need to consider
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the case when all of Ay, A,,, R,, and R, are non-empty. For simplicity, let’s assume that both
f (s1) and f (s) represent probability densities and are positive, the proof for other cases (when
f(s1) and f (s;) are probabilities but not densities) are basically the same. Denote the lending
market outcomes as (V,, Cs,) and (Vy,, Cs,) under these two signal realizations. Without loss of
generality, let’s assume v,, < v,,. Denote the ex ante lending cutoff as v* in this case. Suppose for
$1, S92, the condition

sup A;, <inf A,,. (L.A.1.7)

is not satisfied, let B = [inf A;,, sup Ay, |. Then there must exist two non-negative functions wy, ws,
such that

f(s)wy (V) + f(sa)wy (v) = f(s1) 7, - 1 (v) + f(52) 7, - 15 (v), (LA.1.8)

sup {supp (wy (v)) N (v*, 2]} < inf {supp (ws (v)) N (v*, 0]}

and

/v wy (v) dv = / 7o, -1 (0) do. LA.1.9)
0 0

Now let’s consider the following distribution of posterior beliefs with signal space S, denoted
as {F,m,}, where F = F and

Moy — Ty - Lp (V) +wy (v) ifs=s
Ts = { Ty, — Tsy L g (V) + w3 (V) if s =355

T 0.w.

We can check that the new distribution of posteriors { F, 4} is still Bayes-plausible, because

/val (v)dv:/ovﬁsl-]lg(v)dv

and

/ ws (v) dv = / Tsy - 1 (v) dv.

0 0

The second condition is a direct result of (I.A.1.8) and (I.A.1.9). Then the distribution of posteriors
{F, 7} can be induced by a disclosure policy (S, o). Now the condition (I.A.1.7) is not violated
anymore in the new policy. Then we just need to show that the lender’s payoff is unchanged under

the new policy, and thus it is still optimal. To see this, with policy (S, &), we know under posterior
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belief 7,,, the approval probability is

Note that since v;, < vg,, we know
inf Ay, > v, > vg,.

Then for any v € B, we musthave v > v,,. Then under posterior belief 7, , the approval probability

1s still

d,, (1) — /Ow g (v)dv+/0“w1 (v)dv = dy, (1) = %

Based on this, we can check that all other equilibrium conditions are also satisfied, and this implies
(Vs,,Cs,) = (Vg,, €5, ). Similarly, we can check (vs,, €;,) = (Vs,, Cs,). Forall other s € S\ {s1, s2},
it’s obvious that the lending market equilibria are all the same under these two disclosure policies.
Then the lender’s payoff is the same under those two policies. We can continue to “modify” the
disclosure policy in the above way such that the condition (I.A.1.7) is no longer violated.

The proof strategy still works if condition (I.A.1.9) is not satisfied in the optimal policy
(S,0). Besides, note that the third property in Lemma I[.A.1.1 implies the second property in
Lemma [.A.1.1, and these two jointly imply that the disclosure policy must be deterministic. Since
all the posterior lending market equilibira are the same, the ex ante lending cutoff v* must be
unchanged. 0

Now we prove this result by contradiction. Suppose (S, ) is an optimal policy, and (S, o) is
the deterministic policy satisfies the properties in Lemma [.A.1.1 which generates the same payoft
for the lender. Let A, and R, be the acceptance region and rejection region for each s under the
policy (S,0). Lemma I.A.1.1 implies that both A, and R, are non-empty intervals.

Suppose there exists a set {2 C S, such that Prob (2) > 0, and v, > v* for all s € Q. Our goal
is to find another deterministic policy, (S1, 1), such that the lender’s payoff is strictly higher under
(81,01) compared to (S, 0). Consider any signal realization s, € €. First, Lemma 4.1 implies
that sup A;,, = v; > v,,,. Since Lemma [.A.1.1 shows that A,  must be an interval, we consider
the following two cases.

If (v ,v1) C A, , then the lender can improve her payoff from the signal s, by disclosing
additional information. Specifically, following the proof strategy in Proposition 3.2, after signal s,,
is realized, the lender can strictly improve her payoff by disclosing whether the true state belongs
to (vs,,, Vs, + €) or not, for a sufficiently small but positive €.

If (vg,,v1) C A

(Vs,,, Vs, + €n) Nsupp (ms) = 0. We can choose a sufficiently small but positive ¢,,, such that

is not satisfied, there must exist an interval (v, Vs + €,), such that

Sm
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under the prior belief, Prob (v € (vg, , Vs, + €,)) < Prob (v € [v,,, + €, 0] Nsupp (75)). Then
we can find an interval B C [v,,, + €, 0] N supp (7s), and a continuous, one-to-one mapping
z (v, Vs, + €n) = B, with 2/ (v) = g{’;g’g)). This implies that Prob (v € (vs,,, Vs, + €n)) =
Prob (v € B). Now let’s consider the following deterministic disclosure policy (S, ¢’) with

o (v) ifveg BU(v, Vs, +€n)
o' (v) =10 (z()) ifv e (vg,,v,, +€n)
ozt (v)) ifveB

It’s easy to check that all lending market equilibria are unchanged for all signal realizations under
the new policy (S, 0’), and thus the lender’s payoff is the same under (S, o) and (S, ¢’). However,
under the new disclosure policy (S, o’), for the signal realization s,,, we have (v, Vs + €,) C
supp (7s,,). As we discussed earlier, following the proof in Proposition 3.2, the lender can strictly
improve her payoff by disclosing whether the true state belongs to (v, , v, + €) for not, for a
sufficiently small but positive e.

We can apply the above operation to all signal realizations s € (). Since () has a positive
measure, the improvement is lender’s expected payoff is strictly positive, then the policy (S, o)
must be suboptimal. Since (S, 5) generates the same payoff as (S, o), it must also be suboptimal,
a contradiction.

Then we’ve shown that for almost all s, we must have vy < v*. Besides, since unconditionally

the borrower with data x = 1 must be rejected for all v < v*, we conclude that v* = sup, g ;.

I.A.1.9 Proof of Proposition 4.2

Let’s first introduce the following lemma to establish our results.

Lemma I.A.1.2. For any two posterior beliefs 75, and 7s,, with positive probabilities (densities)
f(s1) and f (s2), and lending market equilibira (v, , €, ) and (vs,, Cs,) satisfying v, < vg,. Let §

be the “combined”signal with posterior belief

f(sl)ﬂ-sl + f (32) Tsy

m (vl = f(s1) + f(s2) ,

then the lending market equilibrium (v;, ¢;) satisfies
Ve, < V3 <V,

and

Cs, < C; < C,.
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Proof. 1f ¢, = 0, the result is obviously true. When c,, > 0, first, it’s impossible to have

v; < vg,. Note that for the equilibria under s; and so, the equilibrium conditions are uv,, =

w+ (1 —p) K (cg,)] Tand pvy, = [+ (1 — p) K (cs,)] I. For 8, wehave uv; = [u+ (1 — p) K (c3)] 1.
If v; < v, , then we must have ¢; < c,,. In equilibrium,

Prob (v > vg|§) < % < Prob (v > v4|5),
where
Prob (v > vg|§) = f(SIf):_SI;,(SQ)PrOb (v > vg|sq) + J%sj;(—k%PrOb (v > vg|s2)
and
o f(s1) f (1)
Prob (v > v48) = mhob (v > vglsy) + mProb (v > vg|s) .

If v; < v, < v, we must have Prob (v > vg|s;) > czl , and Prob (v > v;|sg) > c‘;f > czl. Then

we must have

fls) e fls2) €
f(s)+f(s2) b f(s1)+f(s2) D

which implies c; > c,,, a contradiction! The same proof strategy works for the case vi > v,. So

Prob (v > vg|8) >

the equilibrium must satisfy v,, < v; < vg,. L]

Note that the signal in the no disclosure policy is a “combined” signal of all signals in the optimal
policy (S, o), Lemma I.A.1.2 implies that there exist sets A, B C S with positive measures, such
thatvy < v, forall s € Aand vy > v, forall s € B. Then we must have vy > inf s v,. Together

with Proposition 4.1, we can also conclude that v* > vy.

I.A.1.10 Proof of Lemma 4.2

This is an obvious result of Lemma [.A.1.1.

I.A.1.11 Proof of Theorem 4.2

The first point has been proved by Lemma 3.2. The second point has been proved by Theorem 4.1,
Lemma [.A.1.1 and Lemma 4.1.
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I.A.1.12 Proof of Theorem 4.3

Suppose (S, o) is an optimal policy that has the structure characterized in Theorem 4.2. It induces
the distribution of posteriors { F, 74}, The probability (density) for each signal s is denoted as f (s).
We want to show that with Assumption 2, we can weakly improve it such that it has the structure
characterized in Theorem 4.3. Let’s choose any v3 € (0,7), and S; = {0 (v) |v € [0, v3]}. First,
we want to show that the lender obtains weakly higher profit by pooling all signals in S; together.
Under the policy (S, o), the lender’s payoff from signals s € S is:

Wy = F(8)-E [ — (u+ (1= p) K (e0) )" |s] ds
SEST

_ Jses, £ (s) - pE (a5 (1,0) (v = 1) |s) ds—
fse& (S) ds() (1— )K(Cs)fds

— [ £ pE (L @) 0= Dls)ds = [ f(9)- S (1= ) K () Ids.
sEST sEST

Here we use the equilibrium condition d, (1) = < in the last equality. Note that [,cs f (s)- 5 -ds =
Jses, [ (s)-ds (1) - ds. Theorem 4.1 implies that [, s f (s)-ds (1) -ds =Prob (v > v*&s € Sy).

Let ¢y be the solution of

Cs

Co
s~ds):Pr0bfu>v*&s€S :/ s) - — -ds,
([, F(s)-ds) 5 = Prob(o > D=[ F6-5
it’s clear that ¢y is just the manipulation cutoff in the equilibrium when we pool all signals in &;
together. Lemma I.A.1.2 implies that ¢y < sup,cg, Cs , and the equilibrium lending cutoff v in
this case also satisfies vy < maxges, vs < v*. Since function 2K (z) is convex on x € [0, ¢, we
must have

( s &) dS) Q= PK (@) < [ fs)- S (1=pK(e)ds.  1LALL0)

SEST

The lender’s payoff from all the pooling signal is:

Wo= | J() B (o= (ut (1= ) K (co)) D] ds

— fsesl f(s)- pE (ﬂ[v* g (v) (v—1) |s> ds—
Joes, [ (8)-ds (1) - (1 — p) K (co) Ids
co

= [ T (b 0) (0= D fs)ds = [ F(s) -5 (0 ) K () s

SEST

Condition (I.A.1.10) implies that W, > W, then the policy (S, 0) can be weakly improved if we
pool all signals in S; together. Then we can find an optimal policy that has the following structure:
there exists a cutoff vy € (0,v*), such that o (v) = ¢ (0) for all v < vy, and o (v) > o (v4) for all
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v > vy4. vy # V° because we’ve already showed that the no disclosure policy is suboptimal. Let
so = 0 (0), As, and R, represent the acceptance region and rejection region under signal s.
Then we show that we can weakly improve the optimal policy further, which has the structure
characterized in Theorem 4.3. Since we choose the equilibrium cutoff v, as the message function,
We can use V,(,) to represent the equilibrium lending cutoff of the equilibrium whose support
contains v. The next step is to show that we must have inf supp 7,(,) = Vo, for all v > v,. For the
sake of contradiction, suppose there exists vy > vy, and inf supp m,(,,) < Vo(y,). Let sy = o (v1),
and let the probability of the signal s; be f (s1). For the rest of the proof, we consider the case when
f (s1) represents a positive probability. For the case when s; represents a positive density, the proof
is basically the same. Then there must exist a set £, C supp (7, ), such that sup £y < vs,. Let
L9 = R, — E11, where R, 1s the rejection region under signal s;. We can find sets F7; and Fio
satisfying Fi; N Fio = ), F11 U Fio = A,,, where Ay, is the acceptance region under equilibrium

s1, and
Prob (U € Fll) - &

Prob (v € Ey1) + Prob (v € Fyy) b’

Similarly, we can find sets Fy, Fgo, Fp1 and Fyy which are mutually exclusive, and satisfy
En U Egy = Ry, Yo1 UYpo = Ay, sup Epr < I (< v¥), and

Prob (U € F()l) Cso

Prob (v € Ey;) + Prob (v € Fy) b

Let € = min {/ — sup Fo1,vs, —sup E1;}. Consider the following alternative disclosure policy

with signal space S1 = (S\ {so, s1}) U {so01, So2} U {s11, s12} and a message function:

o(v) ifv ¢ {supp {7, } Usupp (ms)}
s ifv e Ey U Fy
01 (V) = {502 ifv € Ego U Fyy
S11 ifve Ej;UF;

5192 lfU - ElgUFlQ

It’s clear that the lender’s payoff under (S;, 07) is the same as that under (S, o). In particular, the
lender’s lending decision and borrower’s manipulation decision are the same under signal sq;, Sp2
and sq (s11, S12 and s7).

Since K (x) is convex, for any ¢, there must exist positive numbers ¢y, ¢;, po and p;, that
satisfy cp € (€s,, €5, +0),¢1 € (€5, — 9,¢5,) and p1 + po = f (S01) + f (s11), such that

pic1 +poco = f (So1) €so + f (511) Csy
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and

plclK (Cl> +p000K (CO> S f (So) CSOK (CSO) + f (Sl) Cle (Csl) . (IAlll)
We can choose § being small enough, such that v; = WI > sup £y and vy =
pt(=WK(co) \*.

m
zK (z) being convex and v, > v, imply that p; < f (s11) and py > f (s¢1). Then we must be

able to find a set D C Y7, such that
Prob (D) = f (811) — P1.

Consider the following disclosure policy with signal space S; = (S\ {s0,51}) U {801, 502} U

{511, s12} and a message function:

o (v) ifv ¢ {supp {m, } Usupp (ms,)}
81 ifveEEpUFyUD

61(v) =402 ifv € B U Fp

4, ifveE UF,—D

S12 ifv e E12 U F12

It’s clear the only differences between (Si, ;) and (5’1, 61) are the signals sp; and sq; in
(81,01) and S¢; and §q; in (31, 61). Since (81, 01) generates the same lender’s payoft as (S, o),
to compare the lender’s payoff under (S, o) and (31, 61), we just need to compute the difference
between lender’s payoff under 5p; and $p; in (31, 61> and lender’s payoff under sy; and sq; in

(S1,01). The lender’s payoff under s¢; in (Sy,07) is

W01 = Prob (U S F()l) /L]E (U — ]|U S F()l) — Prob ('U S F()l) (]_ — [1,) K (CSO) I

— Prob (v € Fin) B (v — I|v € For) — f (s01) c—bO (1— ) K () 1.

The lender’s payoff under sq; in (S, 07) is

Wll = Prob (U € Fll)IUJE (U — I’U € Fll) — Prob (/U € Fll) (1 — [L) K(CSO)I

— Prob (v € F1,) B (v — I|v € Fi1) — f (s11) % (1—p) K () 1.

The lender’s payoff under 54; in (S‘l, &1) is
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W()l:PrOb(UGF()lUD)ILLE(U—[’UGF()lUD)—PI'Ob('UEF(nUD)(l—/,L)K(CU)[

= Prob (v € Fyy UD) uE (v — I|v € Fy; U D) —po%o (1—p) K (eo) 1.

The lender’s payoff under §;; in (5’1, 61) is

Wi, =Prob (v € Fiy — D) uE (v — I|lv € Fiy — D) —Prob (v € Fiy — D) (1 — p) K (¢1) I
= Prob (v € Fyy — D) uE (v — I|v € Fy; — D) —pl% (1—p) K (1) 1.

Then the difference is

Wm + Wn — Wor — Wi

= (1= )1 [ (s01) 2K (€0) + f (s512) 5K (€)= 10y K (o) = pa K (ea)

>0.

The first equality is because the lender actually approves the project in the same states under these
two policies, and this is ganrateeed by condition v; > sup £7; and vy < v*. And the last inequality
is because condition (I.A.1.11).

The above analysis shows that we can weakly improve the lender’s payoff if there exists v; > vy
such that inf supp 7,(,,) < Vo(v;). We can repeat the modification we’ve done above until this never
happens in the disclosure policy. Then our optimal policy has the following structure: there exists
vy € (0,v*), such that o (v) is constant when v < vy. Forall v > v4, Vo (y) = 0 (v) = inf supp 7o)
which is an increasing function. For the signal 5o = o (0), since the lending cutoff satisfies vy, > vy,

and we know that lim S} O (v) = vy, the message function must be continuous at v,.

I.A.1.13 Proof of Proposition 4.3

We consider a deterministic optimal policy (S, o) such that function o (v) has the structure in
Theorem 4.3 when v < v*. When v > v*, let’s consider the following function form of ¢ on
v e (v,

Uy v € (V)
o(v) = :
v(v) v € (v, 7]
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where 7 (v) is to be solved, and satisfies v (v,) = v,, 7 (v) = v*. For any v € (v, v), the signal
realization is o (v) = 7 (v), and o (v) = 7, is the equilibrium lending cutoff of the subgame that
contains state v. The lender is indifferent between lending or not when observing v (v) = o (v).

Then the lender’s equilibrium condition is

py (v) = [+ (1 —p) K(c,)] 1, (LA.1.12)

where c, satisfies

S _ rob (v > v|s) = 9(v)
p P V) = S W g (o)

Then the equilibrium condition (I.A.1.12) becomes

bg (v)
;wvz,u—i—l—,uK( 1.
0= |u+ -0 —
This is the differential equation in the proposition. When observing s = wv,, the equilibrium
condition is v, = [+ (1 — p) K (¢, )] I, where

Cog _ G (vy) — G (v¥)
b G(vp) — G(v*) + G (vg)

(I.LA.1.13)

When the signal realizationis s = lim,_, + = v, the equilibrium condition s pv; = [u +(1—p) K (cv:)] I,

where (o)
Cof g \Up
a — . 1.LA.1.14
b = g () () + 9 () (HALID
¢,+ = Cy,because of the continuity, then condition (I.A.1.13) and (I.A.1.14) imply that 76‘(%0)(;?)@*) —

g(vy)
g(va)y' (vp)

I.A.1.14 Proof of Proposition 4.4

Under monotone disclosure policies, the support of the posterior belief must be either a single point
or a non-degenerate interval. If all signal realizations induce non-degenerate intervals, then the
signal distribution must be discrete. Suppose instead that there exists a set of signal realizations
with positive measure for which the posterior beliefs are point masses. This cannot be optimal,
since the lender obtains zero payoff under each of these signals, which is the lowest possible payoff.

Therefore, such a policy cannot be optimal.
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I.A.1.15 Proof of Proposition 4.5

Suppose we have two distinct signals, s; and sq, corresponding to two adjacent intervals, [vr,, vp]
and (vy7, vg]."> We aim to show that pooling these two intervals into a single signal improves the
lender’s payoft. First, consider the case where v); < I. In this case, pooling the two intervals
must improve the lender’s payoff, since the expected payoff from the first interval vy, vy] is zero.
Therefore, we just need to focus on the case where vy, > I. Let the equilibrium cutoffs under the
two separate signals be (¢, vy) and (cy, v2), and let (cg, vo) denote the equilibrium cutoff when the
two intervals are pooled.

Define x, to be the solution to

f%mm:f%mm

VL, VM

Now consider the following alternative disclosure policy over the interval [vy,, vg|: disclose whether
the true value of v lies in [vy, 2] U [v2, vg| or in (g, v9). The proof proceeds in two steps.

Step 1: We show that the disclosure policy that reveals whether the true value of v lies in the
interval [vy,, zo| U [vg, vg] or in (2, v9) yields a higher payoff for the lender than the original policy

that discloses whether v is in vy, vy/] or in (vyr, vg]. Since

f%am:f%mm

vL VM

it follows that the posterior beliefs associated with the intervals [vy,, o] U [va, vg] and (vay, vg] yield
the same equilibrium behavior. Moreover, the probabilities assigned to these intervals are also
identical. Therefore, the lender’s payoffs under the two disclosure policies for these corresponding
signals are the same. Next, we show that the payoff from the signal associated with the posterior
belief (¢, vo) is strictly higher than that from the signal corresponding to [vy, vy/]. The following

lemma establishes this result.

Lemma L.A.1.3. Let M > 0 be a constant. Let [y,v4(y)] be an interval such that G(vy) — G(y) =
M, and let W (y) denote the lender’s expected payoff when the value of v is drawn from this interval.
Then W (y) is increasing in y if the density function g(-) is weakly decreasing.

Proof. Let the equilibrium cutoff under the posterior belief [y, v4] be (c,,v,). Then W (y) =
[ (v —vy) dG (v). Besides, we have the constraint G (v4) — G (y) = M. Equilibrium conditions

imply
G(va) —G(vy) _ ¢ _ g(va)dva—g(v,)dv, _ de,

M b M b

ISWhether these intervals are open or closed does not affect the result.
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and

W v [
K(Cy> = ﬂ (Iy — 1) — K/ (Cy> dcy = ﬂjdvy.
These two conditions imply
g(va)dvs—g(vy)dv, 1 p 1 dv, _ pM
M SRl R (o) I A= |9 T e T ey | M
Then
dW = (vq — vy) g (v4) dvg — dvy, [G (v4) — G (vy)]
v4) dv
— (=) g (o) dvg — — 26 — G (v,).
9 (W) + 54T 7
Then
dW
— >0
dU4 -

G (v4) = G (vy)

uM 1

9 () + 5T By
po Glu) —G(y)
bi-ml Ki(e) |- E
po G) =Gy Gua) = Gwy)
b(l—wI K'(c,) ~—  w—v,

= (v —vy) >

= (v —wy) g (v) +

=g (vy) +

Since g is a decreasing function, we know g (vy) > % and thus the above condition must
Y

hold. -

Step 2: We now show that the lender’s payoft is higher under the pooled disclosure policy that
reveals whether v € [v, vg| (i.e., no disclosure) than under the policy that separates [vy, zo| U

[vg, vg] from (g, v5). To establish this result, we introduce the following lemma.

Lemma I.A.1.4. Consider a disclosure policy that reveals whether the value of v lies in the interval
[vr, ] U [ve, vg] or in (x,v9), where xo < x < vy. Suppose the equilibrium corresponding to
[vr, x] U [ve, vg| is characterized by (Cy2, Vo), and the equilibrium corresponding to (x,vs) is
characterized by (€1, Vi1 ), With V1 < Vuo < va. Let W denote the lender’s total payoff from the

entire interval [vy, vg]. Then, if the function cK (c) is weakly convex, we have ‘Z—V; > 0.

Proof. The lender’s payoff is
v2 VR
W:/ (U—vm)dG(v)—i-/ (v —Vg2) dG (v).
Vz1 v2

58



Then
dW o del

= [6) = Gva)) = (G (o) = G ()]
and thus e p p
W 20 - G w) 2 G () (va)

The equilibrium conditions imply

1 — G (vq) _ Cy G (x) b g (z)dx b

—G)+C@) - b T 1=G) T en  1-Gl) &,
G~ Glwn) e Ga)-Gl) b
Gln)—CG@) b Gl —Clwa) e

—g (x)dx (G (v2) =G (@)]g(Var)dvar b
T o) -G T G -G
K (1) = 1‘_‘M ["Il - 1} s K (1) deur — 1%"[1
K (cx2> = 1fl/¢ |:V;2 - 1] — K’ (c:JcQ) dcyy = 1l_jJud‘}$2

When dx > 0, we must have dv,; > 0, then

g (z)dx b

> —dc,.
Gvo)—G(v) 2

This implies

e[l G ()] > e (G (1)~ O (va)]

Cx2 -
_1 K dv$2 1 M dvxl
-1 . 1 )
2Tk (e 1 N T T e () T G )
1 —dv, 1 dv,
S lL-G)]> L (G (02) = G (via)]

Ci?wK/ (Cz2) ?glK, (€z1)

Then if K’ (Cx2> cZ, > K'(c,1) €2, we must have —2%2 [1 — G (v3)] > %1 [G (v2) — G (Va1)]

which unphes > 0. When function cK (c) is convex, we have
2K’ (c) +cK" (c) > 0 = 2cK' (c) + K" (¢) > 0 = (K’ (c) 02), > 0.

Since €5 > €1, this implies K’ (c,2) €2y > K’ (c,1) €2;. O

Lemma [.A.1.4 implies that the lender can increase her payoff by raising the cutoff x, up to the

59



point where v,; = v, which corresponds to the case of pooling the two intervals.

I.A.1.16 Proof of Proposition 5.1

Under the optimal commitment solution, the lender’s payoff is

Wom [ o= p = (1= 10 K (e0) 114G (0)

= [ (o = uD) dG () = (1= W) LK (e2) [1 = G (v0)]
where c. is determined by b (1 — G (v.)) = c.. Then

W, = /JU (uv — ul)dG (v) — <1_b'u)IK (¢e) ce.

For any constant ¢ > 0 that is small enough, we can find two cutoffs vy (¢) > 0 and v, (€) > v,

that satisfy max {vy,ve — v.} <,

1-— G(UQ)
G(UC) — G(Ul) + 1-— G(UQ)

b=cy > c,

G (Uz) — G (UC)
G (Ul) + G (UQ) -G (UC)

andv; < [ < v, <wvy <w. Let

b=c <c,

p1 =G (v1) + G (v2) — G (ve),

and
pa =G (ve) —G(v1)+1—G(vq),

then we can verify that p; + ps = 1, p1,p2 > 0 and
pic1 +pace =b(1 = G (ve)) = ce.

Consider the following policy with a binary signal space S = {s1, $2}. s is revealed if the true
state is in the set [0, v1] U [v,, v2], and s, is revealed if the true state is in the set (vy, v.) U (v2, ¥]. And
the lender commits to lending to the borrower if the true state is above v, irrespective of the signal
realizations. Then under this policy, it’s easy to verify that Prob (s;) = p; and Prob (s3) = ps.
Under signal s, in equilibrium, the lender approves the loan if and only if v € [v., v5], and under

signal s,, the lender approves the loan if and only if v € (v,, v]. The lender’s expected payoff under
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this alternative disclosure policy is

Wi = /j [ — pl]dG (v) — (1_171“)1 [p1K (c1) er + paK (c2) co] -

Since pic; + pacy = ¢, and function z K (z) is strictly concave at c., we can choose € > 0 that is
small enough, such that
MK (c1)er + poK (c2) 2 < c.K (c.),

and thus W, < W;. So in this case, even the lender commits to an optimal lending cutoff v, she

can still receive higher payoft by disclosure.
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