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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.
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Credit card companies are required to disclose interest
rates.

Tech companies are required to disclose privacy
policies.

Public fifirms are required to disclose financial performance.

Some of these disclosures are complex bY I'IECESSitY Creditcard companies can prasent payment schedules, penalties, and fees
simply because fifirms need to provide very detailed cleay or bury potentially important details in the fifine print.
information. However, because fifirms have the Privacy policies can be written in easy-to-understand language or shrouded
ability to manipulate the complexity of their reports, in pages of complex legalese.

some of these disclosures may be far more complex Public fifirms make fifinancial disclosures, they can summarize thern in
than they need to be. several paragraphs orrun them as long as 257 pages.




The extent to which firms can exploit consumers by increasing complexity depends
crucially on how consumers respond when they observe complex information.

If consumers are sufficiently skeptical about firms that use complex disclosures and
account for this in their decision-making process, then firms that offer better terms or
higher quality products will want to present this information as clearly and simply as
possible to prevent themselves from being mistaken for worse firms.

As a result, we would expect only the worst firms to use complex disclosures, which is
similar to the “unraveling” resultsin voluntary disclosure.




However, systematic mistakes by consumers when facing complex
reports can give rise to strategic incentives to complexify, motivating
companies to choose complexity over simplicity in their disclosures.

HFHEEER

In reality, it is difficult to determine if consumers are sufficiently skeptical
about firms that use complex disclosures and account for this in their
decision-making process because it is hard to discern whether disclosures
are complex by necessity or the outcome of firms strategically choosing to
make information unnecessarily complex.

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.




3.2. Experimental Sessions

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.




3.1. The Complex Disclosure Game
Player A (sender)

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
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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 secoinds to
view the sender’s report and make a guess.

eg:
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Receiver and sender payoffs, denominated in experimental currency units (ECUs),

150ecu=1%
Secret
Payoffs Secret Secret Secret Secret Secret Secret Secret Secret Secret humber-
S.R number: 1 | number: 2 | number: 3 | number: 4 | number: 5 | number: 6 | number: 7 | number: 8 | number: 9 10 '
Guess: 1 -54.110 -54.102 -54 90 -54.75 -54.57 -54 .38 -54.17 -54 -6 -54.-29 -54 -54
Guess: 2 -29.102 -29.110 -29.102 -29.90 -29.75 -29.57 -29.38 -29.17 -29.-6 -29.-29
Guess: 3 -6.90 -6.102 -6.110 -6,102 -6.90 -6.75 -6,57 -6.38 -6,17 -6.-6
Guess: 4 17,75 17,90 17,102 17,110 17,102 17,90 17,75 17,57 17,38 17,17
Guess: 5 38,57 38,75 38,90 38,102 38,110 38,102 38.90 38,75 38,57 38,38
Guess: 6 57,38 57,57 57,75 57.90 57,102 57,110 57,102 57.90 57,75 57,57
Guess: 7 75,17 75.38 75,57 75,75 75.90 75,102 75,110 75,102 75.90 75,75
Guess: 8 90.-6 90,17 90,38 90,57 90.75 90,90 90,102 90,110 90,102 90,90
Guess: 9 102,-29 102.-6 102,17 102,38 102,57 102,75 102,90 102,102 102,110 102,102
Guess:
10 110,-54 110,-29 110.-6 110,17 110,38 110,57 110,75 110,90 110,102 110,110
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3.3. Feedback, Beliefs, Math Test, and Demographics

Subjects were told four pieces of iInformation after each round:

(1)the actual secret number,

(2) the report length chosen by the sender,

(3) the recelver's guess of the secret number,

and (4) their own payoft.

After all subjects pressed the “OK” button on the screen containing this
feedback, the next round began. To reduce social considerations, subjects
INn the feedback treatment were not told the payoff for the other player In
their pairing though i1t could be deduced using the payoff table. In
addition, between rounds, subjects only received feedback about their
palring, 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 Iinfluenced 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.

294




IV Experimental Results

4.1. Results from the Main Sessions

4.1.1. Summary of Behavior and Mistakes.

4.1.2. Payoff Losses

4.1.3. Evidence of Learning.

4.1.4. Regression Results.




Table 1. Summary of Subject Characteristics (Main

Sessions)

Standard
Variable N Mean deviation
Number of subjects in the session [294 10.680 2.554
Feedback provided (dummy) 294 1.000 0.000
Male (dummy) 293 0.410 0.493
Undergraduate (dummy) 293 (L.720) 0.450
Native English speaker (dummy) 290 (.852 0.356
Friend in the session (dummy) 293 0.143 0.351

Notes. Observation is per subject. Value is missing if demographic in-
formation not provided by the subject.




4.1.1. Summary of Behavior and Mistakes.
Table 2. Summary of Sender Choices of Complexity by Secret Number (Main Sessions)

Sender choice High complexity Low complexity
of complexity (length =15) (length <5)
Standard

Secret number N Mean Median deviation Mean Mean

1 449 15.626 20 6.619 0.728 0.145

2 At 15.782 20 6.157 0721 | 0.115

3 4ivd 13.983 17 6.837 0.616 0.19

4 422 11.969 13 7.218 0.486 0.275

5 433 10.607 10 7.13 0.390 (.344

6 453 8.243 6 6.914 0.254 0.455

7 424 6.748 4 6.664 0.198 0.583

8 427 5.286 2 6,288 0.141 0.71

9 447 4.879 ﬂ 6.197 0.128 0.729

v 10 447 3.832 1 2622 0.094 0.796
Total 4,410 9 7.86 0.378 0.432




rsiey

"2 A0 &y

O 0o o000 o0 © 000

-
-
“

O 0000000000000

Qo oo 0000 Q0O

If of rounds with 95% confidence intervals (main sessions).

O o0 0Oeo o0Q-eo0 %
QOoOOo oo0o(o -
2
(Y ooécc&mﬁ\cécﬁ\_ :
B
ACCO ¢ 06AH00000C ¢ Le? | &
70 ol
n.OoOoOoOooOﬁ w

0oo (De0000000() }w
N.OOOOOOO OoOOOAO

0z Sl 0l S 0
KAixapdwod jo 21042 19puag

Notes. (a) With 95% confidence intervals (main sessions). (b) In the second ha

000 (000000 e fa

Z
£
=
z
;
B (»00:000 000 %
2z 5
'z “
£ (PoocorcodCeb C

2
@ s i £
%m gccﬁrro&gomﬁ\rn@ E
z )+ og«Co000COe) b= | &
9] / g
5 g
m ©oCo0000c0d) =
7 ‘
&
v
z

’..A/A&/On,ﬁ; aA}OoOoOoomO

L L) L) L)
0t Sl 01 S 0
Srxaydwon Jo 20101 Jpudsg

=7
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Table 3. Summary of Receiver Guesses by Secret Number (Main Sessions)

Receiver
mistake bias

Receiver
mistake size

Percentage of receiver
decisions hitting

Conditional on receiver
decision before time limit

Receiver

mistake bias mistake size

Receiver

Receiver guess (guess-truth) | | { | guess-truth | ) time limit (guess-truth) (]| guess-truth |])
Secret Standard
number N Mean Median  deviation Mean Mean Mean Mean Mean
1 M9 | 2.183 1 2326 L83 1.183 5.57 .94 AT
2 444 | 2.923 2 2209 0.936 1.045 &11 (L6549 0777
3 464 | 3399 3 1.462 0.3949 0.&601 5.39 0.328 0492
4 422 | 4.232 4 1.458 0.232 611 .08 019 diﬁ_
5 433 | 5.169 5 1.378 169 0566 3.23 146 0'37 I '379
fr 453 | 6031 6 1.167 0.031 (.446 3.97 0.05] 0377
i 124 | b.E8S 7 1.234 =113 424 212 =S (376
8 227 | 774 8 1.289 =0.276 0407 1.17 =0.237 0.37
G 47 | B.633 9 1377 —.367 0438 20 —0.311 0.37%9
10 “r 97| w 1.574 20.303 0403 | i || ~0.372 0.372
Total 4410 5.663 6 2585 0.182 (614 3.56 (.128 0.309




Table 4. Summary of Receiver Guess by Sender Choice of Complexity (Main Sessions)

All recelver declsions

Conditional on receiver
decision before time it

Mean values mean values
Receiver Receiver Percentage Response time Receiver Receiver
Secret  Receiver mistake bias | mistake size hitting if before mistake bias  mistake size

Complexity N number  guess  (guess-truth) | (| guess-truth |) | time Hmit time linnit (guess-truth) (| guess-truth | )
1 1,259 7504 > 7466 -0.038 [ (L2453 | 0.40 9.15 -0.038 0.23
2 214 | 6967 > 6925 -0.042 J10.257 | 0.00 8.95 —0.042 0.257
3 140 6429 > AT =021 (15 0200 1321 =021 (150
4 104 L5962 > 5885 =0.077 - 0.135 0.00 13.35 =0.077 0.135
5 190 5600 < 5684 (.04 - 0179 000 18.15 (LS4 0.17%
fy 91 5527 < 5582 (1055 i(.231 1.10 1585 (LOksS R L
7 89 [ 5685 > 5629 =(.056 0.146 1.12 ns -(0.023 0.114
8 117 | 5325 > 5299 -0.026 0.402 0.85 23.67 =0.052 0.37%9
9 74 | 4932 < 5068 0.135 0.405 0.00 2545 0.135 (0.405
10 263 | 554 > 5388 -0.152 0.479 1.90 28.77 —0.143 (0.438
11 42 | 5500 > 5476 -0.024 0.595 238 .25 0049 0.537
12 69 S 487 > 4783 =(LO87 — (.541 145 ah5d 0.000 (.65
13 54 4778 < 522 0.444 - 0.778 0.00 35.56 0.444 0.778
14 39 4974 < 5513 0538 0.795 256 3708 .632 0.737
15 190 4384 < 4463 L (0.753 3.1 355 0.0 0712
16 71 ] 3502 < 4.000 0.408 0.662 704 372 0.273 0.424
17 90 | 4467 < 4789 0.322 1.033 5.56 40.32 0.306 (0.847
18 9% | 4292 < 4573 0.281 1.01 9.38 42,45 0.195 (.539
19 115 | 407 < 4.2% 0226 (755 | 6.96 40.33 0.243 (0,748 |
20 1103 - 3455 < 4.11 0.655 -L1.284 | 9.79 42.76 0.477
Total 4410 5482 5.664 0.182 0.614 3.56 24.93 0.128 0.509




Table 5. Summary of Receiver Mistake Size by Secret Number and Sender Choice of Complexity (Main Sessions)

Conditional on receiver

All reociver dedsions decision before ime limit
Mean values of receiver Mean values of receiver
mistake size (| guess-truth| ) mistake size (| guess-truth | )

Secret Low complexity  Medium complexity High complexity Low complexity  Medium complexity High complexity
number (1=5) (6=14) {15=20) (1-5) (6-14) (15=20)
1 (.6 (1.386 1.437 (L& (.356 1.126
2 0.216 0,795 1.234 0216 0.795 0.873
3 0.273 0. 144 (546 0273 (124 (.691
4 0,198 0.376 (.91 0,198 (L35 0.839
5 0.181 0.426 1 (162 0372 .88
f 0,204 0.432 0.596 (.14 0,392 0.74
7 0,142 0,360 1.321 (L138 (L33 1.18
8 0.228 0.672 0.033 0228 0.548 0.93
9 0.23 0.641 1.404 0222 0603 1065
10 0.239 0.77%6 1.357 0250 0776 1.077

Total 0.225 0464 1.133 0221 (434 (.91




4.1.2. Payoftt Losses.

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.




Table 6. Departure from Highest Expected Payoff (Main Sessions)

Panel A: Senders

Fraction of payoff loss from highest Fraction of payoff loss
expected payoff given empirical from payoff in the
Secret number distribution of opponent behavior unraveling equilibrium
1° 0.516
2 0.320 -0.714
3 0.152 -0.160
4 0.110 -0.043
5 0.103 -0.016
6 0.073 0.006
7 0.077 0.028
8 0.078 0.039
9 0.059 0.041
nma\ 0.039
Total 0.153 —0.088
Panel B: Receivers
Fraction of payoff loss from highest Fraction of payoff loss
expected payoff given empirical distribution from payoff in the
Complexity of opponent behavior unraveling equilibrium
Low (1-5) 0.138 0.299
Medium (6-14) 0.160 30%~33% | 0.330
High (15-20) | 0.167] 0.311
lotal 0.155 0.308

“In the unraveling equilibrium, senders with a secret number of one earn the minimum possible payoff. Af-

ter normalizing this payoff to zero, itis not possible to calculate the fraction of payoff loss from zero. 1 a ) %
ey >
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Table 7. Summary of Dynamics (Main Sessions)

Panel A
Fraction of sender payoff
Sender choice of complexity loss from highest expected payoff
Mean Mean
Secret number Rounds 1-10 Rounds 11-20 Rounds 21-30 Rounds 1-10 Rounds 11-20 Rounds 21-30
Il 14454 16.461 0551 0515 0484
2 15357 15.993 0311 0322 0.326
3 13.264 15.026 0.159 0.146 0.150
4 12,673 12.679 0.107 0.125 0.097
5 11.669 9878 0.105 0.105 0.098
6 9526 7.646 0068 0.0584 0.066
7 9475 5.719 0.091 0.079 0.061
8 6.764 5218 0.086 0.081 0.064
9 6,326 5455 0.058 0.068 0.050
5829 35 0.053 0.031 0.031

Total 10.624 9.786 [o.159] 0.156 jo142]

Panel B

Receiver mistake size Conditional on before
(| guess-truth| ) time limit
Mean Mean

Complexity Rounds 1-10 Rounds 11-20 FRounds 21-30 Rounds 1-10 Rounds 11-20 Rounds 21-30
Low (1-5) 0.254 0206 0222 0247 0202 0219 K1 (A) (B)
Medium (6-14) 0.472 0518 0.410 0.442 0476 0375
High (15=20) 1274 LG99 1 1015 0.947 (1.75]
Total 0.719 0604 0.520 0.585 0526 0418

Panel C

Fraction of receiver payoff loss from highest expected payoff Conditional on before time limit
Mean Mean

Complexity Rounds 1-10 Rounds 11-20 Rounds 21-30 Founds 1-10 Rounds 11-20 Rounds 2130
Low (1=5) 0.153 0.126 0137 0.15.-’1 0.126 0.137 o
Medium (6-14) 0.182 0.148 0.138 0.181 0.148 0136 I ) & )
High (15-20) 0.189 0.161 0.147 0.183 (.155 (0.130 b’
Total 0.174 0.143 0.141 0.171 0.141 0135

FRanst wmiversiney




Table 8. Regressions of] havior (Main Sessions)

e e
Dependent variable Dependent variable
. Complexity Payoff departure from the highest
Secret number = 2 0.147 —(.252 —(). 197+ —(). 1 Gaess
(0.423) (0.418) (0.0609) (0.0625)
Secret number = 3 —1.467** —1.297% —(.361%** —(.360%
(0.476) (0.559) (0.0714) (0.0736)
Secret number = 4 —1.630" —1.594% —(.415%** —(). 427"
(0.749) (0.711) (0.0551) (0.0567)
Secret number = 5 —2. 884+ —3. 358 —().426(%4% —().42G%=%
(0.689) (0.610) (0.0533) (0.0545)
Secret number = 6 —5H. 22" —h.4(15%** —().452%%* —(. 4545+
(0.753) (0.633) (0.0504) (0.0512)
Secret number = 7 —5H. 455"+ —h, 742 —().433%%* —(. 4365
(1.019) (0.994) (0.0501) (0.0512)
Secret number = 8 —7.134% —7.393%= —(.438%+* —(.435%+
(0.886) (0.858) (0.0533) (0.0543)
Secret number = 9 —7. 363" —7.h14r* —(.453%%* —(.453%+*
(0.952) (0.937) (0.0487) (0.0496)
Secret number = 10 —B.386% —5. 278 —(. 47 [ —(). 479"
(0.842) (0.928) (0.0519) (0.0529)
First five rounds —(.298 —(.387 0.00783 0.00683
(0.297) {1 ?ﬁ?:l I:n (11164} I:n 01163
Round 1-30U 0.0427" 0.0409 _0.000657 —0.000601
(0.0241) (0.0249) (0.00117) (0.00114)
Round * (4 = secret number = 6) —(). 139 —().130%** 0.000730 0.000685
(0.0262) (0.0212) (0.00117) (0.00109)
Round * (7 = secret number = 10) —(.216%* —([).2]19%*= —0.000183 —(.000298
(0.0281) (0.0301) (0.00118) (0.00114)
Individual demographics Yes No Yes Mo
Individual fixed effects Mo Yes Mo Yes
Observations 4,410 4,410 4,399 4,399
R? 0.350 0.529 0.3581 0.438

Notes. In parentheses are robust standard errors clustered by session. In Session 34, receivers’ actual play is such that
the highest payoff for draw = 1 is zero after our normalization, so we cannot calculate a fraction of payoff departure
from zero. That is why columns (3) and (4) have 11 fewer observations. Regressions without individual fixed effects
include dummies indicating whether demographics are missing and session fixed effects. Sample includes all ses- ) I ) & ) %
sions with complete demographic information. &’ -

"p <001 "p<0.05"p<0.1. .

FRAMEY mmiversiey




Table 9. Regressions of| Recei ver [Behavior (Main Sessions)

Dependent vanable
Receiver mistake size

(] guess-truth |)

Dependent variable
Payoff departure from the highest
expected payoff

Sender choice of complexity = 2 —-0.0191 0.0228 —-0.0229* —-0.012%
(0.0590) (0.0627) (0.0121) (0.0125)
Sender choice of complexity = 3 |—0.IQ‘ —-00517 -00177 -0.0151
9 (0.0651) (0.0152) (0.0169)
Sender choice of complexity = 4 -0.130 0.000650 0.00884
(0.07543) (0.C206) 0.0212)
Sender choice of complexity = 5 00168 o.0213
00793 (0.0160) 0.0172)
Sender choice of complexity = 6 -0.111 0.00231 0.00419
(0.0862) ©.0216) (0.0193)
Sender choice of complexity =7 —0.0927 0.00188 0.0110
(0.113) (0.0201) 0.(231)
Sender choice of complexity = 8 —0.0480 00127 0.0147
(0.123) 0.0192 (0.C209)
R Solon ol SRR -y 0640
(0.141) (0.149) D ODSS (0.0294)
Sender chotce of complexity = 10 0.00256 0.000952
(0.109) (0.0981) DOI7S 0.0198
Sender cholce of complexity = 11 0.(232 —0.0690 —-00156 —0.00468
(0.238) (0260) (0.0295) (0.(2S8S)
Sender choice of complexity = 12 0.334 0344 00118 0.0214
(0.199) (0209) (0.0204) (0.256)
Sender chotce of complexity = 13 0.319 0.451 59« oms~
(0.271) (0278) (00259 D303
Sender cholce of complexity = 14 0.319 0379 |_077773'“'| [ 0.0 |
(0.315) (0308) (0.0305) (0.0859)
Sender choice of complexity = 15 | 0.341* | | 0475 | 00212 0.0386*
-1 (0.0186) | (0.0221) |
Sender choice of complexity = 16 0.0%°1 0115 —00173 0.00332
0.194 ©209) (0.02543) (0.0270)
Sender choice of complexity = 17 | 0570
[0 0 0.0824 [0.037°S
Sender choice of complexity = 18 0373 | 0408 00187 0.0145
(0.239) 238 (0.0838) (0.0G58)
Sender choice of complexity = 19 0317 0274 0.0253 0.04838
(0.258) D250) 0.0314) (0.0332)
Sender choice of complexity = 20 OLSE7ese 0605 0.0197 0.0315
(0.181) (0 197 (0.0188) 0.0226)
First five rounds —0.0342 —-00710 00127 0.0118
(0.06149) (0.0615) (0.0106) (0.0109)
Round —-0.00835 —-000115 —0.000374 —0.000328
(0.0039) (0.00291) (0.000527) (0.000534)
Round * Medium complexity (6—-14) —-0.00872 —0.00748 —-0.00138* —0.00145*
(0.00628) (0.00463) (0.000752) (0.000766)
Round * High complexity (15-20) —0.0005 —0.0149°* —-000151* —0.00198**
(0.00450) (0.00459) (0.000759) (0.000S859)
Response time (In seconds) 0.00824* 00114 0.000482 0.000397
(0.00411) (0.00376) (0.000281) (0.000333)
Individual demographics No No No No
Individual fixed effects No No No No
CObservations 4253 4253 4.253 4253
R 0.093 0279 0.040 0.1

Notes. All regressions are conditional on receivers making a guess within the 60-second time limit. In paren-
theses are robust standard errors clustered by session. Regressions without individual fixed effects include

dummies indicating whether demogmphics are missing and session fixed effects.

~p <001, "“p<005,“p<0.1.




4.2. Reasons Behind Sender Mistakes
The largest sender losses come from two types of

mistakes:

using high complexity when the state is high

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

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.




4.3. Reasons Behind Receiver Mistakes

4.3.1. Beliefs About Senders and Math Ability.

4.3.2. Regressions of Receiver Mistakes on Beliefs.

4.3.3. Structural Model.

4.3.4. Estimating Math Emors.

4.3. Reasons Behind Receiver Mistakes 4.3.5. Estimating Strategic Confusion and Social Preferences.

The two primary forces we consider for 4.3.6. Baseline Predictions.
receiver over-guessing of complexity
reports are naivete and overconfidence
about ability, but we also consider several

4. 3.7. Behavioral Factors: Naivete and Overconfi
dence.

other possibilities, such as pure boundary 4.3.9 Overconfidence and Beliefs.
effects, social preferences, confusion, and

risk preferences.
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Table 11. Summary of Structural Estimation of Receiver Guesses of High Complexity Reports Before Time Limit (Main
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Sessions)
Social Risk Overconfidence
Variable Actual Logit Baseline preferences aversion Naivete Ower-confidence 4 naivete Ower-weighting
Mean log-likelihood -1.553 -1.547 -1.553 -1.519 -1.272 -1.274 -1.261
Total log-likelihood 2641 —23656 —2357 - 2366 2316 1939 =191 =14921
Parameter (lower) 0.047 0.010 16.760
Standard error (L (s63 (.20 0347
Parameter (upper) 0.135 23.076
Standard error 0.19% 1.500
Receiver bias (guess-truth)
Secret number Mean values
1-3 0772 0707 0712 a2 0712 0,733 0.749 0,761 0776
=7 0096 0038 -0181 =0.130 -0.181 0146 0.ms 0.027 0,030
8-10 0891 0641 1662 -1.640 -1.662 -1.554 —0.904 —{0.890 —(LB00
Average distanoe 0125 0.369 0.332 0.369 0.315 0.038 0.027 0.142
Receiver bias (guess-truth)
Secret number Mean values
1 1126 1.1 (L9853 105 (L5983 1S 1.001 1.018 1.034
2 0.711 0632 0.706 0.790 0.706 0.726 0.735 0.744 0.742
3 0431 L.335 407 0476 (407 0428 0475 0.485 0517
4 0.249  0.154 0.193 0.258 0,193 0.214 0.271 0.281 0.289
5 022 g4 =082 =033 =[0E2 —0a9 0033 0,03 06s
B 0.040 -0.044 0287 =0.255 -0.287 -0.262 —0.141 -0.133 -0.103
) 0462 -0154 -1.172 -1.128 -1.172 -1.067 -0.432 =421 =385
8 -0.684 -0335 -13638 -1.341 -1.368 -1.264 =636 -0.625 —0.548
& 0880 -—-632 -1725 =1.699 =1.7355 -=1.614 —0.4926 —0,911 —{.540
10 =177 =-L100 2009 -1.999 -2.0080 -1.B98 -1.268 -1.250 -1.115
Average distance 0L159 0.393 0.370 0.393 0.340 0.091 0.093 0.936
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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.

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.

HAE B & &R G NE SKERH R B IE
294 2471 3.636

16-20 294*12.6% 3.491 3.491/ (1+98.9%)




Figure 2. (Color online) Average Secret Number and Stated Beliefs of Average Secret Number by Complexity of 1-5, 6-10,
11-15, or 16-20 with 95% Confidence Intervals (Main Sessions)

Table 10. Summary of Receiver Guess and Stated Beliefs (Main Sessions)
'E Panel A: Complex guess (stated belief of average secret number for a given complexity)
gv 1 All received decisions Conditional on before time limit
4 . ™ 3.626
Tl Secret number Receiver guess Complex guess Secret number Reoriver guess Complex guess
o I —> 2 . 510 B plex g K plex g
complexity Mean Mean Mean Mean Mean Mean
e , i 1 . 15 7.091 7.064 7.813 7.091 7.064 7.823
5 1o ) 15 20 510 548 5.39 5.756 5447 5404 5756
Sender choice of complexity 11-15 4.701 4.835 3.867 4,655 4,818 3,848
Average actual ~ -TT7mooo Average stated belief l6=20 3636 4.055 2.471

Panel B: Inferred guess (secret number inferred from stated belies of sender cholces)
Figure 3. (Color online) Average Sender Choice of Complexity and Stated Beliefs of Average Sender Choice of Complexity by

Secret Number with 95% Confidence Intervals (Main Sessions)

All receiver decisions Conditional on before time limit

s Secret number Receiver guess Inferred guess Secret number Recelver guess Inferred guess
Complexity Mean Mean Mean Mean Mean Mean

v Low {1=5) 7091 7064 7845 7091 7064 T.E0
Medium (6-14) 5338 534 4.593 5.326 5354 4.591
High (15-20) [ 3.712 4222 2546 [ 3.72 4097 2526

Note, Ot of all receiver decisions, 6.8% have a missing value for inferred guess because those subjects indicate that senders will never choose
some complexity level.

Sender choice of complexity

T T T T
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Secret number

Average sender choice
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Figure 4. (Colnr online) Math Test Performance and Stated Beliefs of Math Test Performance
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4.5.2. Regressions OoT recelver Viistakes on Belliefs.

Table 12. Regressions of Receiver Over-Guessing in Complex Rounds if Completed Math Test (Main Sessions)

Dependent variable: Dependent variable:
Receiver mistake (guess-truth) Receiver mistake size (| guess-truth|)

Sender choice of complexity = 15 -0.274* -0.233 -0.0920 -0.0559

(0.143) (0.178) (0.175) (0.221)
Sender choice of complexity = 16 0.223 0243 -0212 -0.0716

(0.248) (0.325) (0.268) (0.376)
Sender choice of complexity = 17 -0.473* -0.481 -0.113 -0.155

(0.266) (0.365) (0.112) (0.128)
Sender choice of complexity = 18 -0.297 ~0.647** -0.2% -0338

(0.233) (0.298) (0.193) (0.288)
Sender choice of complexity = 19 —-0.558 —0.356 -0.239 -0.121

(0.320) (0.399) (0.295) (0.382)
First five rounds -0.313 -0.211 -0.283 -0.247

(0.184) (0.187) (0.173) (0.205)
Round -0.00277 -0.00125 -0.0149* -0.0207**

(0.00711) (0.00909) (0.00722) (0.00898)
Size of naivete (complex guest-actual average if > 0) 0.245* 0.233

(0.0829) (0.139)
Size of overconfidence (guess correct - actual correct if > 0) 0.236** 0.295*

(0.108) (0.144)
Individual demographics No No No No
Individual fixed effects No No No No
Observations 813 813 813 813
R? 0.085 0270 0.085 0359

Notes. All regressions are conditional on receivers making a guess within the 60-second time limit. In parentheses are robust standard errors clustered
by session. Regressions without individual fixed effects indude dummies indicating whether demographics are missing and session fixed effects. '
**p <001,*%p <005,% <0.1.




4.3.3. Structural Model.

In the model, we assume that a receiver facing a complex message (¢ 2 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, wheree~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 y 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:

maxea >,y (blx)Ur(a, b),
beB
where y(blx) = Fb)Glx —b)

2, F(B)G(x—b)




We also assume that strategic conftusion results Iin a recelver 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 B)
has bite. For these choices, the decision rule is instead aiven by the followina optimization problem:

maxaes D Y(blx)[Ug(a,b) — B(Ug(a, b) — Us(a, b))].
beB

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

UR (ﬂ,b)l —ik

l—«a
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 },-(b II) — |1_|
AT

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

L i K F

shanxi umiversivy



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. A.3 Non-parametric estimates of G and G’

Figure Al. Non-parametrically estimated distribution of additive error term (by whether assume that
distribution is symmetric)

Q_

T T T T
-10 -5 0 5 10

Symmetric Non-Symmetric ‘




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 (¢ < 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.

Table 11. Summary of Structural Estimation of Receiver Guesses of High Complexity Reports Before Time Limit (Main

Sessions)
Sodtal Risk Overconfidence
Variable Actual  Logit |Baseline || preferences | (aversion|| Naivete |[Over-confidence + naivele Ower-weighting
Mean log-likelihood -1.733 | 1553 —-1.547 -1.553 | -1.519 -1.272 -1.274 -1.261
Total log-likelihood =264l =236H <2357 =2366 =Iilb =139 =1l =121
Parameter (lower) 0.047 0.010 16.760
standard error 0.066 0.206 0.347
Parameter (upper) 0.135 23.076
Standard error (.19 1.500
Receiver bias (guess-truth)
Secret number Mean values
1-3 0772 | 0707 | 0712 0.792 0.712 0.733 0.749 0.761 0.776
§=7 0.0%6 [ 0.038 | -0.181 =0.130 -0.181| | —0.146 0.018 0.027 0.050
810 -0.891 [-0.641 | —1l662 =1.640 =1.662( | -1.554 =904 —0.890 =0.800
Average distance 0125 0369 0.332 0.369 0.315 0.038 0.027 0.142
Receiver bias (guess-truth)
Secret number Mean values
1 1126 L1 (983 1064 0.983 1.005 1.001 1.0158 1.034
2 0711 0632 0706 0.790 0.706 0.726 0.735 0.744 0.742
3 0431 0335 0407 0476 0.407 (428 0475 0.485 0517
4 0.249 0154 0193 0.258 0.193 0214 0.271 0.281 0.259
] 0222 04 =0uDs2 =033 =082 =005 0,033 0.039 0068
] 0.40 -0.044 -0.287 —0.255 -0.287 -0.262 -0.141 -0.133 -0.103
7 =462 =015 -=1.172 =L128 =1.172 =107 =0.432 =421 =385
B -0.684 -0.335 -1.368 -1.341 -1.368 -1.264 -0.636 -0.625 —0.548
9 0580 -0632 -1725 -1.699 -1.75 -l.b6l4 —0.926 -0.911 —.540
10 -1.077 =110 -2009 -1.99% -2.008 -1.898 -1.268 -1.250 -1.115
Average distance 0159 039 0.370 0.393 0.340 0.091 0.093 0.936




5. Conclusion and Policy Implications
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