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Abstract.
We present evidence that unnecessarily complex disclosure can result from strategic 
incentives to shroud information. 

In our laboratory experiment, senders can choose how complex to make their reports. 
We find that senders use complex disclosure more than half the time. This obfuscation is 
profitable because receivers make systematic mistakes in assessing complex reports.

Regression and structural analysis suggest that these mistakes could be driven by 
receivers who are naive about the strategic use of complexity or overconfident about 
their ability to process complex information.





Ⅰ   Introduction  





To overcome this difficulty, we designed a laboratory experiment to study the strategic use of 
complexity in a controlled setting. In our experiment, complexity arises only from its strategic use, 
the conflicting interests of senders and receivers are clear, the amount and overuse of complexity 
are quantifiable, and the beliefs of agents are easily elicited.



Ⅲ  Experimental Design

Our sessions were conducted at the Computer Laboratory for Experimental Research (CLER) 
facility at the Harvard Business School. In this laboratory, subjects are separated with dividers, 
and each subject was provided with a personal computer terminal. Subjects do not have to be 
Harvard University students, so we restricted subjects to be no more than 25 years old in order 
for the subject pool to be more comparable with existing studies that recruit undergraduate 
students. The software used to run the experiments was the z-Tree software package.

Each session consisted of 30 rounds of the disclosure game. In each round, subjects were randomly 
matched into pairs. Each subject could be matched with any other subject in the session and was equally 
likely to be paired with any given subject. 

3.2. Experimental Sessions



Secret number b b= {1,2,……，9,10}

chose a complex rate c（report length）
c={1,2,……19,20}
The computer program then randomly selected c integers 
between −10 and 10 until those numbers added up to the 
true state b. 
Example of a report with maximum length (20)  b=2

Player A (sender)

8 -3 -1 1 -3

9 0 -4 -3 8

1 0 -7 -6 0

-1 4 -6 -1 6

3.1. The Complex Disclosure Game



Player B   (receiver)

receivers were asked to make a guess a of the secret 
number b, and this guess could be any integer 
between 1 and 10. The receiver had 60 seconds to 
view the sender’s report and make a guess.
eg:  

8 -3 -1 1 -3

9 0 -4 -3 8

1 0 -7 -6 0

-1 4 -6 -1 6



Receiver and sender payoffs, denominated in experimental currency units (ECUs),
150ecu=1$



3.3. Feedback, Beliefs, Math Test, and Demographics

Subjects were told four pieces of information after each round: 
(1)the actual secret number, 
(2) the report length chosen by the sender, 
(3) the receiver’s guess of the secret number, 
and (4) their own payoff. 
After all subjects pressed the “OK” button on the screen containing this 
feedback, the next round began. To reduce social considerations, subjects 
in the feedback treatment were not told the payoff for the other player in 
their pairing though it could be deduced using the payoff table. In 
addition, between rounds, subjects only received feedback about their 
pairing, not all pairings in the session.



Once all rounds were completed, subjects were asked questions about their beliefs of 
how other subjects played in their session. 

First, subjects were asked to guess the average report length that senders chose for 
each secret number. 
Second, subjects were asked to guess the average secret number when the sender 
chose complexity levels between 1 and 5, between 6 and 10, between 11 and 15, and 
between 16 and 20. 

The purpose of these questions was to assess whether subject beliefs about sender 
strategies influenced their decisions as receivers. 



Part of subjects were asked to complete a four-question math test after answering the two belief questions. 

After completing the math test, subjects answered two additional belief questions. 
First, they were asked to guess the number of questions on the math test (from zero to four) that they thought 
they answered correctly. 
Second, they were asked to guess the average number of questions they thought others answered correctly.



Ⅳ  Experimental Results





4.1.1. Summary of Behavior and Mistakes.
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So far, we have documented that sender choices of complexity deviate from the unraveling prediction and that 
receiver guesses deviate from the true state. But do these deviations lead to payoff losses? 
To address this possibility, we measure how far a subject is from taking the payoff-maximizing action in each 
decision problem, which provides a rough sense of the size and consequences of the “mistakes” they are making. 
To do this, we construct the average opponent strategy from our data, determine the expected payoffs from 
taking each possible action, and then calculate how far the expected payoff for the taken action is from the 
highest expected payoff.
For senders, the possible actions are grouped as low (1–5), medium (6–14), and high (15–20) complexity.
For receivers, the possible actions are limited to the guesses available to them, which are integers between 1 and 
10. 

4.1.2. Payoff Losses.



30%~33%



4.1.3. Evidence of Learning.

图1 （A）（B）



1-30

4.1.4. Regression Results.





The largest sender losses come from two types of 
mistakes:

using high complexity when the state is high 

using low complexity when the state is low.

If some subjects think that the socially correct action is to disclose simply for even 
low states, then they might act in this way and reward senders who do the same.

Spite could drive senders to use high complexity when it is not justified in 
their own payoff.

4.2. Reasons Behind Sender Mistakes



4.3. Reasons Behind Receiver Mistakes

The two primary forces we consider for 
receiver over-guessing of complexity 
reports are naivete and overconfidence 
about ability, but we also consider several 
other possibilities, such as pure boundary 
effects, social preferences, confusion, and 
risk preferences.



Logit究竟是
个啥？——
离散选择模
型之三 - 知
乎
(zhihu.com)

https://zhuanlan.zhihu.com/p/27188729


We refer to a subject’s guess of the average secret number when the report complexity was 16–20 as their 
“complex guess,” and we classify subjects as being “naive” if their complex guess is higher than the actual 
average secret number when complexity was 16–20 in their session. 

Across all 294 subjects, 12.6% are classified as naive. When naive, the average amount of naivete is 3.491, 
which is 98.9% above the actual average secret number in their session.

4.3.1. Beliefs About Senders and Math Ability.

As mentioned previously, after all 30 rounds of the game were completed, we asked subjects to report 
what they think the secret number was on average in their session when the report complexity was 1–5, 6–
10, 11–15, and 16–20.

样本量 回合结束后猜测均值 实际秘密数字均值

294 2.471 3.636

294*12.6% 3.491 3.491/（1+98.9%）16-20



→ 2.510
→ 3.626



答题情况 人数 真实情况 自己猜测

全对 54 33.75% 41.88%

错1个 48 30% 72.5%-
41.88%

错2个 27 16.88%

错3个 10.62%

全错 8.75%

实际答题正确数均值 2.694

至少错一个的受试者预测 2.694



4.3.2. Regressions of Receiver Mistakes on Beliefs.



4.3.3. Structural Model.
In the model, we assume that a receiver facing a complex message (c ≥ 15) has prior beliefs about 
the likelihood of each secret number b given by F (the distribution of sender types using this type of 
complexity). 
The receiver then observes a noisy signal of the secret number, which can be interpreted as either an 
error in summing the numbers or partial attention to the grid of numbers. We assume that this noise 
signal is generated by adding to the secret number an error term e drawn from the distribution G 
(for this complexity level), so that 

x = b + e, where e ~ G:

We assume that the distribution of additive errors G has support over the integers {−9, −8, …, 0, …, 8, 
9}. To increase power, we assume this distribution is symmetric, so the distribution has just 10 
parameters to estimate. Based on the signal x and their prior beliefs F, the receiver forms posterior 
beliefs γ and takes an action a (makes the guess) that maximizes the expected utility subject to some 
probability of making strategic errors. This decision rule is given by the following optimization problem:



We also assume that strategic confusion results in a receiver sometimes guessing in a uniform random way. In the 
level-k model, this is often designated as the level-0 behavior. Because we are using a representative agent 
model, this is as if some fraction of agents are level-0 agents. Formally, this means, for some fraction of choices, 
the receiver chooses every action with equal probability.
As a robustness check, we assume that the receiver sometimes uses social preferences that take the form 

proposed by Fehr and Schmidt (1999). Note that only one parameter of this model (advantageous inequality β) 
has bite. For these choices, the decision rule is instead given by the following optimization problem:

As an additional robustness check, we assume that utility takes the constant relative risk aversion form, which 
means that we allow a free parameter α. In this check, we assume that the utility of the receiver is instead given by

We also consider two possible behavioral factors: naivete and overconfidence. We add naivete to our model by 
assuming that, with some probability, receivers think that all states are equally likely. In the level-k approach, this 
often constitutes level-1 beliefs: that opponents are guessing randomly. Formally, this means that 

We add overconfidence to our model by assuming that, with some probability, receivers think 
that noise is actually draw from the distribution G’ when is actually drawn from G



4.3.4. Estimating Math Errors.
We assume that math error determines the precision of the signal x and, therefore, affects the receiver’s posterior 
beliefs about the secret number. 
We could impose strong assumptions on the distribution of math errors and try to identify it using receiver decisions in 
the game, but we choose instead to estimate it out of sample for cleaner identification. 
By assuming that receivers guess their signal, we can identify from guesses and secret numbers the frequency with 
which each signal is realized. To estimate G in this way, we used the math test answers for the 160 subjects who 
completed the math test. 



4.3.5. Estimating Strategic Confusion and Social Preferences.

We estimate the degree of strategic confusion and the social preferences of the subjects jointly, using 
the guesses of receivers when the message has been reported as low complexity (c ≤ 5). 

In practice, it is likely that social considerations when messages are complex are different from when 
messages are simple as receivers may feel some positive reciprocity when simple reports are made. 

The parameters of this model were estimated using the Nelder–Mead method, and the standard errors 
were computed using 1,000 bootstrapping samples. 

The estimates were a 7.4% probability of uniform random choice (with a standard error of 0.007), a 2.3% 
probability of using social preferences (with a standard error of 0.005), and a 0.658 advantageous 
inequality parameter (with a standard error of 0.194)



4.3.6. 
Baseline 
Predictions.

4.3.7. 
Behavioral 
Factors: Naivete 
and 
Overconfidence.



5. Conclusion and Policy Implications

研究结果突出了企业战略性地将向消费者披露的信息复杂化的动机，这可能会损害消费者，并削弱信息披露的有效性。
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