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A Proofs
A.1 Proof of Proposition 1

We first prove part (ii) and then draw on some of the same calculations in the proof of part
(i).
A.1.1 Proof of part (ii)

For simplicity of notation, we omit the arguments from 𝑝𝑠(𝑚, 𝜆) and 𝑝(𝑚, 𝜆). A direct ap-
plication of Theorem 1 in Matějka and McKay (2015) shows that for each 𝑠 ∈ {𝐺,𝐵}, the
state-contingent participation probabilities 𝑝𝑠 are given by

𝑝𝑠 =
[

1 +
(

1
𝑝
− 1

)

exp
{

−1
𝜆
(𝜋𝑠 + 𝑚)

}

]−1

.

Substituting these expressions into the equation 𝑝 = 𝜇𝑝𝐺 + (1 − 𝜇)𝑝𝐵 defining 𝑝 and dividing
both sides by 𝑝 gives

1 =
𝜇

𝑝 + (1 − 𝑝)∕𝑔
+

1 − 𝜇
𝑝 + (1 − 𝑝)∕𝑏

,

where 𝑔 ∶= exp
(

(𝜋𝐺 + 𝑚)∕𝜆
) and 𝑏 ∶= exp

(

(𝜋𝐵 + 𝑚)∕𝜆
). Note that, since 𝜋𝐺 + 𝑚 > 0 >

𝜋𝐵 + 𝑚, 𝑔 > 1 > 𝑏. Rearranging gives

−𝜇
𝑔 − 1

𝑔 𝑝
1−𝑝

+ 1
= (1 − 𝜇) 𝑏 − 1

𝑏 𝑝
1−𝑝

+ 1
.

Solving for 𝑝
1−𝑝

then yields

𝑝
1 − 𝑝

= −
(1 − 𝜇)(𝑏 − 1) + 𝜇(𝑔 − 1)

(1 − 𝜇)(𝑏 − 1)𝑔 + 𝜇𝑏(𝑔 − 1)
,

from which we obtain
𝑝 = −

𝜇
𝑏 − 1

−
1 − 𝜇
𝑔 − 1

. (5)
Differentiating with respect to 𝑚 gives

𝜕𝑝
𝜕𝑚

=
1 − 𝜇
(𝑔 − 1)2

𝑔
𝜆
+

𝜇
(𝑏 − 1)2

𝑏
𝜆
.

Let 𝐴 denote the first of the two terms on the right-hand side. We will show that 𝜕𝐴
𝜕𝜆

> 0; a
similar argument applies to the second term, thereby proving the result. We have

1
1 − 𝜇

𝜕𝐴
𝜕𝜆

=
2𝑔2 log 𝑔
𝜆2(𝑔 − 1)3

−
𝑔 log 𝑔

𝜆2(𝑔 − 1)2
−

𝑔
𝜆2(𝑔 − 1)2

,
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which is positive if and only if

(𝑔 + 1) log 𝑔 − 𝑔 + 1 > 0.

The left-hand side of this inequality is equal to 0 when 𝑔 = 1 and its derivative is positive
everywhere. Therefore, the inequality holds for all 𝑔 > 1, as needed.
A.1.2 Proof of part (i)
Lemma 1. Let 𝑋 be a continuously distributed real-valued random variable and let 𝑓 ∶ 𝑅 ←→

𝑅+ and 𝑔 ∶ 𝑅 ←→ 𝑅+ be such that 𝑓 (𝑥)
𝑔(𝑥)

is increasing in 𝑥 and 𝐸[𝑓 (𝑋)] > 0 and 𝐸[𝑔(𝑋)] > 0.

Then

𝐸[𝑋𝑓 (𝑋)]
𝐸[𝑓 (𝑋)]

>
𝐸[𝑋𝑔(𝑋)]
𝐸[𝑔(𝑋)]

.

Proof. Let 𝛾 be the density of𝑋. Let 𝑓 (𝑥) = 𝑓 (𝑥)𝛾(𝑥)∕𝐸[𝑓 (𝑋)] and 𝑔̂(𝑥) = 𝑔(𝑥)𝛾(𝑥)∕𝐸[𝑔(𝑋)].
Note that 𝑓 and 𝑔̂ are probability density functions. Since 𝑓 (𝑥)

𝑔(𝑥)
is increasing, so is

𝑓 (𝑥)𝛾(𝑥)
𝐸[𝑓 (𝑋)]

⋅
𝐸[𝑔(𝑋)]
𝑔(𝑥)𝛾(𝑥)

=
𝑓 (𝑥)
𝑔̂(𝑥)

.

That is, 𝑓 and 𝑔̂ satisfy the monotone likelihood ratio property. In particular, the distribution
associated with 𝑓 first-order stochastically dominates that associated with 𝑔̂. It follows that

∫

∞

−∞
𝑥𝑓 (𝑥)𝑑𝑥 > ∫

∞

−∞
𝑥𝑔̂(𝑥)𝑑𝑥.

By definition of 𝑓 and 𝑔̂, this last inequality is equivalent to
𝐸[𝑋𝑓 (𝑋)]
𝐸[𝑓 (𝑋)]

= ∫

∞

−∞
𝑥
𝑓 (𝑥)𝛾(𝑥)
𝐸[𝑓 (𝑋)]

𝑑𝑥 > ∫

∞

−∞
𝑥
𝑔(𝑥)𝛾(𝑥)
𝐸[𝑔(𝑋)]

𝑑𝑥 =
𝐸[𝑋𝑔(𝑋)]
𝐸[𝑔(𝑋)]

,

as needed.

Lemma 2. The function

ℎ(𝑏, 𝑔) = − ((𝑏 − 1)𝑔 + 𝑏(𝑔 − 1)) (𝑏−1)(𝑔−1)+(𝑏−1)𝑔(2𝑏−𝑔−1) log 𝑔+(𝑔−1)𝑏(2𝑔−𝑏−1) log 𝑏

is positive everywhere on the set Γ = {(𝑏, 𝑔) ∣ 𝑏 ∈ (0, 1) and 𝑔 ∈ (1,∞)}.

Proof. Note that ℎ(1, 𝑔) ≡ 0, so it suffices to show that ℎ𝑏(𝑏, 𝑔) is negative everywhere on Γ,
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where ℎ𝑏 denotes the partial derivative of ℎ with respect to 𝑏. We have

ℎ𝑏(𝑏, 𝑔) = −(𝑔 − 1)(4𝑏𝑔 − 5𝑔 − 𝑏 + 2) + (4𝑏 − 𝑔 − 3)𝑔 log 𝑔 + (𝑔 − 1)(2𝑔 − 2𝑏 − 1) log 𝑏.

In particular, ℎ𝑏(𝑏, 1) ≡ 0. Hence ℎ𝑏 is negative everywhere on Γ if ℎ𝑏𝑔 is. We have

ℎ𝑏𝑔(𝑏, 𝑔) = −8𝑏𝑔 + 9𝑏 + 9𝑔 − 10 + (4𝑏 − 2𝑔 − 3) log 𝑔 + (4𝑔 − 2𝑏 − 3) log 𝑏.

Note that ℎ𝑏𝑔(𝑏, 1) ≡ 𝑏 − 1 + (1 − 2𝑏) log 𝑏, which is negative for all 𝑏 ∈ (0, 1). Hence ℎ𝑏𝑔 is
negative everywhere on Γ if ℎ𝑏𝑔𝑔 is. We have

ℎ𝑏𝑔𝑔(𝑏, 𝑔) = −8𝑏 + 7 + 4𝑏 − 3
𝑔

− 2 log 𝑔 + 4 log 𝑏.

Note that
ℎ𝑏𝑔𝑔

(1
4
, 𝑔
)

≡ 5 + 4 log
(1
4

)

− 2
𝑔
− 2 log 𝑔,

which is negative for all 𝑔 > 1 since 5 + 4 log(1∕4) < 0. Now note that

ℎ𝑏𝑔𝑔𝑏(𝑏, 𝑔) = −8 + 4
𝑔
+ 4

𝑏

is positive whenever 𝑏 < 1∕4 and 𝑔 > 1. It follows that ℎ𝑏𝑔𝑔 is negative whenever 𝑏 ∈ (0, 1∕4]

and 𝑔 ∈ (1,∞).
Now consider 𝑏 > 1∕4. Note that ℎ𝑏𝑔𝑔(𝑏, 1) ≡ 4(1 − 𝑏 + log 𝑏), which is negative for all

𝑏 ∈ (0, 1). Note also that
ℎ𝑏𝑔𝑔𝑔(𝑏, 𝑔) = −4𝑏 − 3

𝑔2
− 2

𝑔
,

which, for 𝑔 > 1, is negative if and only if 𝑔 > 3∕2 − 2𝑏, which holds if 𝑏 > 1∕4 and 𝑔 > 1.
It follows that ℎ𝑏𝑔𝑔 is negative whenever 𝑏 ∈ (1∕4, 1) and 𝑔 ∈ (1,∞). Combining this with the
above gives that ℎ𝑏𝑔𝑔 is negative everywhere on Γ, as needed.

We first argue that it suffices to show that, under the conditions stated in the proposition,
𝐸[𝜆 ∣ participate] is increasing in 𝑚. To see this, note first that an equivalent statement of
part (i) of the proposition is that if 𝑚1 and 𝑚2 are such that 𝑚2 > 𝑚1 and 𝑝(𝑚𝑖, 𝜆) ∈ [0, 1) for
all 𝜆 ∈ [𝜆, 𝜆] and 𝑖 = 1, 2, then the distribution of 𝜆 conditional on participation at 𝑚2 first-
order stochastically dominates (FOSDs) that at 𝑚1. Let Ψ denote the distribution of 𝜆. For each
𝑖 = 1, 2, let 𝐹𝑖 denote the distribution function for 𝜆 conditional on participation at 𝑚𝑖. Note
that 𝐹1 and 𝐹2 are continuous since Ψ is. Suppose that 𝐹2 does not FOSD 𝐹1; we will show
that this implies that, for some distribution of 𝜆 satisfying the conditions of the proposition,
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𝐸[𝜆 ∣ participate] is not increasing in 𝑚. Then there exists some 𝜆0 such that 𝐹1(𝜆0) < 𝐹2(𝜆0).
By continuity of 𝐹1 and 𝐹2 and the fact that they agree at 𝜆 and 𝜆, there exists an interval [𝑎, 𝑏]
containing 𝜆0 such that 𝐹1(𝑎) = 𝐹2(𝑎), 𝐹1(𝑏) = 𝐹2(𝑏), and 𝐹1(𝑥) < 𝐹2(𝑥) for all 𝑥 ∈ (𝑎, 𝑏).
Thus, for each 𝜆 ∈ (𝑎, 𝑏),

𝐹1(𝜆|[𝑎, 𝑏]) =
𝐹1(𝜆) − 𝐹1(𝑎)
𝐹1(𝑏) − 𝐹1(𝑎)

=
𝐹1(𝜆) − 𝐹2(𝑎)
𝐹2(𝑏) − 𝐹2(𝑎)

<
𝐹2(𝜆) − 𝐹2(𝑎)
𝐹2(𝑏) − 𝐹2(𝑎)

= 𝐹2(𝜆|[𝑎, 𝑏]),

and hence 𝐹1(⋅ ∣ [𝑎, 𝑏]) FOSDs 𝐹2(⋅ ∣ [𝑎, 𝑏]). Note that 𝐹𝑖(⋅ ∣ [𝑎, 𝑏]) is the distribution of 𝜆
conditional on participation at 𝑚𝑖 when the prior distribution of 𝜆 is Ψ(⋅ ∣ [𝑎, 𝑏]). It follows
that, for the prior distribution Ψ(⋅ ∣ [𝑎, 𝑏]), 𝐸 [

𝜆 ∣ participate] is higher at 𝑚1 than it is at 𝑚2, as
needed.

We now show that 𝐸[𝜆 ∣ participate] is indeed increasing in 𝑚. First suppose 𝑝(𝑚, 𝜆) > 0

for all 𝜆 ∈ [𝜆, 𝜆]. We have
𝐸
[

𝜆 ∣ participate] = 𝐸[𝜆𝑝]
𝐸[𝑝]

.

Differentiating with respect to 𝑚 gives

𝜕
𝜕𝑚

𝐸
[

𝜆 ∣ participate] =
𝐸[𝑝]𝐸

[

𝜆 𝜕𝑝
𝜕𝑚

]

− 𝐸[𝜆𝑝]𝐸
[

𝜕𝑝
𝜕𝑚

]

(𝐸[𝑝])2
.

This is positive if and only if the numerator is positive, which, since 𝑝 and 𝜕𝑝∕𝜕𝑚 are positive
for each 𝜆, may be rewritten as

𝐸
[

𝜆 𝜕𝑝
𝜕𝑚

]

𝐸
[

𝜕𝑝
𝜕𝑚

] >
𝐸[𝜆𝑝]
𝐸[𝑝]

.

By Lemma 1 (with 𝑋 = 𝜆, 𝑓 = 𝜕𝑝
𝜕𝑚

, and 𝑔 = 𝑝), it suffices to show that

1
𝑝
𝜕𝑝
𝜕𝑚

is increasing in 𝜆. Differentiating with respect to 𝜆 gives

𝜕
𝜕𝜆

(

1
𝑝
𝜕𝑝
𝜕𝑚

)

= − 1
𝑝2

𝜕𝑝
𝜕𝜆

𝜕𝑝
𝜕𝑚

+ 1
𝑝

𝜕2𝑝
𝜕𝜆𝜕𝑚

.

Thus it suffices to show that
𝑝

𝜕2𝑝
𝜕𝜆𝜕𝑚

>
𝜕𝑝
𝜕𝜆

𝜕𝑝
𝜕𝑚

. (6)
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Differentiating (5) gives

𝜕𝑝
𝜕𝜆

𝜕𝑝
𝜕𝑚

=
(

1 − 𝜇
(𝑔 − 1)2

(

−
𝑔
𝜆
log 𝑔

)

+
𝜇

(𝑏 − 1)2
(

−𝑏
𝜆
log 𝑏

)

)(

1 − 𝜇
(𝑔 − 1)2

𝑔
𝜆
+

𝜇
(𝑏 − 1)2

𝑏
𝜆

)

= −(1 − 𝜇)2
𝑔2 log 𝑔

𝜆2(𝑔 − 1)4
− 𝜇(1 − 𝜇)

𝑏𝑔 log 𝑏 + 𝑏𝑔 log 𝑔
𝜆2(𝑏 − 1)2(𝑔 − 1)2

− 𝜇2 𝑏2 log 𝑏
𝜆2(𝑏 − 1)4

, (7)

and
𝜕2𝑝
𝜕𝜆𝜕𝑚

= (1 − 𝜇)
(

𝑔(𝑔 + 1) log 𝑔 − 𝑔(𝑔 − 1)
𝜆2(𝑔 − 1)3

)

+ 𝜇
(

𝑏(𝑏 + 1) log 𝑏 − 𝑏(𝑏 − 1)
𝜆2(𝑏 − 1)3

)

.

Multiplying the latter by the expression for 𝑝 in (5) and expanding leads to

𝑝
𝜕2𝑝
𝜕𝜆𝜕𝑚

= −(1 − 𝜇)2
(

𝑔(𝑔 + 1) log 𝑔 − 𝑔(𝑔 − 1)
𝜆2(𝑔 − 1)4

)

− 𝜇(1 − 𝜇)
(

𝑔(𝑔 + 1) log 𝑔 − 𝑔(𝑔 − 1)
𝜆2(𝑏 − 1)(𝑔 − 1)3

+
𝑏(𝑏 + 1) log 𝑏 − 𝑏(𝑏 − 1)

𝜆2(𝑏 − 1)3(𝑔 − 1)

)

− 𝜇2
(

𝑏(𝑏 + 1) log 𝑏 − 𝑏(𝑏 − 1)
𝜆2(𝑏 − 1)4

)

. (8)

Comparing the (1 − 𝜇)2 terms in (7) and (8), we see that the latter is larger if and only if

−(𝑔(𝑔 + 1) log 𝑔 − 𝑔(𝑔 − 1)) > −𝑔2 log 𝑔,

or, equivalently, if
𝑔 − 1 − log 𝑔 > 0,

which holds for all 𝑔 > 1. Similarly, comparing the 𝜇2 terms in (7) and (8), we see that the
latter is larger if and only if

𝑏 − 1 − log 𝑏 > 0,

which holds for all 𝑏 ∈ (0, 1).
Finally, for the 𝜇(1 − 𝜇) terms, that in (8) is larger than that in (7) if and only if

−
(

𝑔(𝑔 + 1) log 𝑔 − 𝑔(𝑔 − 1)
𝜆2(𝑏 − 1)(𝑔 − 1)3

+
𝑏(𝑏 + 1) log 𝑏 − 𝑏(𝑏 − 1)

𝜆2(𝑏 − 1)3(𝑔 − 1)

)

> −
𝑏𝑔 log 𝑏 + 𝑏𝑔 log 𝑔
𝜆2(𝑏 − 1)2(𝑔 − 1)2

.
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Rearranging gives the equivalent inequality

(𝑏 − 1)(𝑔 − 1)𝑏𝑔(log 𝑏 + log 𝑔)

> (𝑏 − 1)2 (𝑔(𝑔 + 1) log 𝑔 − 𝑔(𝑔 − 1)) + (𝑔 − 1)2 (𝑏(𝑏 + 1) log 𝑏 − 𝑏(𝑏 − 1)) .

Further rearranging leads to

− ((𝑏 − 1)𝑔 + 𝑏(𝑔 − 1)) (𝑏−1)(𝑔−1)+(𝑏−1)𝑔(2𝑏−𝑔−1) log 𝑔+(𝑔−1)𝑏(2𝑔−𝑏−1) log 𝑏 < 0,

which, by Lemma 2, holds for all 𝑏 ∈ (0, 1) and 𝑔 ∈ (1,∞).
Combining these three comparisons, we see that (6) holds for all 𝑏 and 𝑔.
Now suppose 𝑝(𝑚, 𝜆) = 0 for some 𝜆 ∈ [𝜆, 𝜆]. By Lemma 2 of Matějka and McKay (2015),

for any such 𝜆, 𝑝 = 0 maximizes

𝜇 log (𝑝𝑔 + 1 − 𝑝) + (1 − 𝜇) log (𝑝𝑏 + 1 − 𝑝) .

The corresponding first-order condition (evaluated at 𝑝 = 0) is

𝜇𝑔 + (1 − 𝜇)𝑏 ≤ 1. (9)

Suppose this holds with equality; that is, suppose 𝜇𝑔 + (1 − 𝜇)𝑏 = 1. The derivative of the
left-hand side of (9) with respect to 𝜆 is

−𝜇𝑔
log 𝑔
𝜆

− (1 − 𝜇)𝑏
log 𝑏
𝜆

.

Since 𝑓 (𝑥) = −𝑥 log 𝑥 is a strictly concave function, Jensen’s Inequality implies that

−𝜇𝑔
log 𝑔
𝜆

− (1 − 𝜇)𝑏
log 𝑏
𝜆

< −1
𝜆
(𝜇𝑔 + (1 − 𝜇)𝑏) log (𝜇𝑔 + (1 − 𝜇)𝑏) ,

the right-hand side of which is equal to 0 whenever (9) holds with equality. It follows that if
there is some 𝜆 for which 𝑝 = 0, then there is a cutoff value 𝜆̃ such that 𝑝 = 0 if and only if
𝜆 > 𝜆̃.

Since the result holds if 𝑝 > 0 for all 𝜆 ∈ [𝜆, 𝜆], it also holds if we condition on 𝜆 ∈ [𝜆, 𝜆̃].
Removing this condition only strengthens the result since 𝜆̃ is increasing in 𝑚 (which follows
from the fact that the left-hand side of (9) is increasing in 𝑚).
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A.2 Proof of Proposition 2
From equation (5) we have

𝑝(𝑚, 𝑎𝜆) = −𝜇𝑓 (𝜋𝐵 + 𝑚, 𝑐𝜂) − (1 − 𝜇)𝑓 (𝜋𝐺 + 𝑚, 𝑐𝜂),

where 𝜂 = 1∕𝜆, 𝑐 = 1∕𝑎, and 𝑓 (𝑥, 𝜂) = 1
𝑒𝜂𝑥−1

. Thus it suffices to show that

𝜕
𝜕𝑐

|

|

|

|𝑐=1

[

−𝑐 1
𝜆2

𝜕2

𝜕𝜂𝜕𝑚
𝑓 (𝑥, 𝑐𝜂)

]

≥ 0, (10)

and that this inequality is strict for at least one 𝑥 ∈ {𝜋𝐵 + 𝑚, 𝜋𝐺 + 𝑚}. Differentiating the
left-hand side leads to the equivalent expression

𝜕
𝜕𝑐

|

|

|

|𝑐=1

[

− 𝑐
𝜆2

𝑒𝑐𝑥𝜂 (𝑐𝑥𝜂 + 1 + 𝑒𝑐𝑥𝜂(𝑐𝑥𝜂 − 1))
(𝑒𝑐𝑥𝜂 − 1)3

]

= 1
8𝜆2

(

sinh
(𝑧
2

))−4
(

− 1 + 2𝑧2 + (1 + 𝑧2) cosh(𝑧) − 3𝑧 sinh(𝑧)
)

,

where 𝑧 = 𝑥𝜂. Because the above expression is symmetric (in the sense that each side yields
the same value, regardless of whether it is evaluated at 𝑧 or at −𝑧, for all 𝑧), it suffices to show
that it is positive whenever 𝑧 is (it holds trivially for 𝑧 = 0). This expression is positive if and
only if

𝑧2 (cosh(𝑧) + 2) + cosh(𝑧) > 1 + 3𝑧 sinh(𝑧).

Because cosh(𝑧) ≥ 1 for all 𝑧, it suffices to show that 𝑧2( cosh(𝑧) + 2
)

> 3𝑧 sinh(𝑧), or, equiv-
alently,

cosh(𝑧) + 2 > 3
𝑧
sinh(𝑧). (11)

To prove this inequality, we employ the fact that sinh and cosh are analytic functions. Inserting
their series representations, we get

3
𝑧
sinh(𝑧) = 3

𝑧

∞
∑

𝑘=0

𝑧2𝑘+1

(2𝑘 + 1)!
= 3 + 3

∞
∑

𝑘=1

𝑧2𝑘

(2𝑘)!
1

2𝑘 + 1
≤ 3 +

∞
∑

𝑘=1

𝑧2𝑘

(2𝑘)!
= 2 + cosh(𝑧), (12)

as needed.
Finally, the two sides of inequality (11) are equal only if 𝑧 = 1. Because 𝜋𝐵 +𝑚 < 𝜋𝐺 +𝑚,

inequality (10) is strict for at least one 𝑥 ∈ {𝜋𝐵 + 𝑚, 𝜋𝐺 + 𝑚}.
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A.3 Proof of Proposition 3
Caplin and Dean (2013) show that the agent’s choice problem is equivalent to the choice of

posterior beliefs (𝛾part , 𝛾abst) solving

max
𝛾part ,𝛾abst ,𝑝∈[0,1]

𝑝𝑁part + (1 − 𝑝)𝑁abst s.t. 𝑝𝛾part + (1 − 𝑝)𝛾abst = 𝜇, (13)

where

𝑁abst ∶= −𝜆ℎ(𝛾abst)

and 𝑁part ∶= 𝛾part(𝜋𝐺 + 𝑚) + (1 − 𝛾part)(𝜋𝐵 + 𝑚) − 𝜆ℎ(𝛾part)

are the net utilities associated with the two posteriors (under the assumption that the agent
abstains at 𝛾abst and participates at 𝛾part).

Caplin and Dean (2013) show that the solution to (13) is given by the posteriors 𝛾part and 𝛾abst
that support the concavification of the upper envelope of the net utility functions, as in Aumann,
Maschler, and Stearns (1995) and Gentzkow and Kamenica (2011), with 𝛾part ≥ 𝜇 ≥ 𝛾abst . Under
the assumption that each action is chosen with positive probability, these inequalities are strict,
and participation is optimal at posterior 𝛾part while abstention is optimal at posterior 𝛾abst .

By concavification, the solution satisfies two conditions. First, the slopes of the tangent lines
to the net utility function at 𝛾abst and 𝛾part must coincide:

−𝜆ℎ′(𝛾abst) = Δ − 𝜆ℎ′(𝛾part), (14)

where Δ ∶= 𝜋𝐺 − 𝜋𝐵. Second, the tangent line to the net utility function at 𝛾abst has the same
value at 𝛾part as the net utility function itself:

− 𝜆ℎ(𝛾abst) − (𝛾part − 𝛾abst)𝜆ℎ′(𝛾abst) = Δ𝛾part + 𝜋𝐵 + 𝑚 − 𝜆ℎ(𝛾part). (15)

To prove part (i), we start by taking derivatives of (14) and (15) with respect to 𝜆 to obtain

− ℎ′(𝛾abst) − 𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

= −ℎ′(𝛾part) − 𝜆ℎ′′(𝛾part)
𝜕𝛾part
𝜕𝜆

(16)
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and

− ℎ(𝛾abst) − 𝜆ℎ′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

= −ℎ(𝛾part) − 𝜆ℎ′(𝛾part)
𝜕𝛾part
𝜕𝜆

+
(𝜕𝛾part

𝜕𝜆
−

𝜕𝛾abst
𝜕𝜆

)

𝜆ℎ′(𝛾abst)

+ (𝛾part − 𝛾abst)
(

ℎ′(𝛾abst) + 𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

)

+ Δ
𝜕𝛾part
𝜕𝜆

. (17)

Cancelling −𝜆ℎ′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

from both sides of (17) and rearranging yields

ℎ(𝛾part) − ℎ(𝛾abst) =
𝜕𝛾part
𝜕𝜆

[

𝜆ℎ′(𝛾abst) − 𝜆ℎ′(𝛾part) + Δ
]

+ (𝛾part − 𝛾abst)
(

ℎ′(𝛾abst) + 𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

)

.

By (14), the term in square brackets is equal to 0. Further rearranging yields

(𝛾part − 𝛾abst)𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

= ℎ(𝛾part) − ℎ(𝛾abst) − (𝛾part − 𝛾abst)ℎ′(𝛾abst)

= 1
𝜆
(Δ𝛾part + 𝜋𝐵 + 𝑚), (18)

where the second line follows by substituting from (15). Since participation is optimal at 𝛾part ,
we have Δ𝛾part +𝜋𝐵+𝑚 = 𝛾part𝜋𝐺+(1− 𝛾part)𝜋𝐵+𝑚 > 0. Because 𝛾part > 𝛾̄ > 𝛾abst and ℎ′′ > 0,
it follows that 𝜕𝛾abst

𝜕𝜆
> 0.

Rearranging (16) and substituting ℎ′(𝛾part) − ℎ′(𝛾abst) =
Δ
𝜆

from (14) leads to

𝜆ℎ′′(𝛾part)
𝜕𝛾part
𝜕𝜆

= 𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

− Δ
𝜆

= 1
𝜆

(

𝛾abst𝜋𝐺 + (1 − 𝛾abst)𝜋𝐵 + 𝑚
𝛾part − 𝛾abst

)

,

where the second equality subsitutes for 𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝜆

using (18). Because ℎ′′ > 0 and because
the quantity on the right-hand side is negative, we conclude that 𝜕𝛾part

𝜕𝜆
< 0.

The proof of part (ii) proceeds similarly. Taking the derivatives of (14) and (15) with respect
to 𝑚, we obtain

−𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝑚

= −𝜆ℎ′′(𝛾part)
𝜕𝛾part
𝜕𝑚

(19)
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and

− 𝜆ℎ′(𝛾abst)
𝜕𝛾abst
𝜕𝑚

−
((𝜕𝛾part

𝜕𝑚
−

𝜕𝛾abst
𝜕𝑚

)

𝜆ℎ′(𝛾abst) + (𝛾part − 𝛾abst)𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝑚

)

= Δ
𝜕𝛾part
𝜕𝑚

+ 1 − 𝜆ℎ′(𝛾part)
𝜕𝛾part
𝜕𝑚

.

Simplifying and rearranging this last equation gives

−1 − (𝛾part − 𝛾abst)𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝑚

=
𝜕𝛾part
𝜕𝑚

(

Δ − 𝜆ℎ′(𝛾part) + 𝜆ℎ′(𝛾abst)
)

.

By (14), the right-hand side of this equation is equal to zero. Which gives:

−1 = (𝛾part − 𝛾abst)𝜆ℎ′′(𝛾abst)
𝜕𝛾abst
𝜕𝑚

Note that 𝛾part > 𝛾abst and ℎ′′ > 0. It follows that 𝜕𝛾abst
𝜕𝑚

< 0 and, by (19), 𝜕𝛾part
𝜕𝑚

< 0 as well.
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B Robustness
B.1 Heterogeneous priors

Our results are robust to heterogeneity in prior beliefs, as long as all types have an inte-
rior participation probability. In this case, the probability that an agent with cost parameter 𝜆
participates depends only on the mean prior amongst all agents with that cost of information
acquisition. By implication, all our comparative statics on 𝑝 generalize to the case of heteroge-
neous priors. Formally, the following result holds.

Proposition 4. (Robustness to dispersion in prior) Fix 𝑚, 𝜋𝐺, and 𝜋𝐵. Consider a population

with joint distribution of priors and costs of information 𝑓 (𝜇, 𝜆) such that 0 < 𝑝(𝑚, 𝜆, 𝜇) < 1

for all (𝜆, 𝜇) ∈ supp(𝑓 ). For each 𝜆, let 𝜈(𝜆) = ∫ 𝜇𝑓 (𝜇, 𝜆)𝑑𝜇. Then,

∫ 𝑝(𝑚, 𝜆, 𝜇)𝑓 (𝜆, 𝜇)𝑑𝜇 = 𝑝
(

𝜆, 𝜈(𝜆)
)

Proof. Let 𝛾𝑝𝑎𝑟𝑡 = 𝑃 (𝑠 = 𝐺|participate) and 𝛾𝑎𝑏𝑠𝑡 = 𝑃 (𝑠 = 𝐺|abstain) denote the optimal
posteriors. By the law of iterated expectations, 𝜇 = 𝑝𝛾𝑝𝑎𝑟𝑡 + (1 − 𝑝)𝛾𝑎𝑏𝑠𝑡. The participation
probability can thus be written as a function of the chosen posteriors,

𝑝(𝑚, 𝜆) =
𝜇 − 𝛾𝑎𝑏𝑠𝑡

𝛾𝑝𝑎𝑟𝑡 − 𝛾𝑎𝑏𝑠𝑡
(20)

Posterior separability implies that the optimal 𝛾𝑝𝑎𝑟𝑡 and 𝛾𝑎𝑏𝑠𝑡 are independent of 𝜇 as long as
0 < 𝑝(𝑚; 𝜆) < 1. The claim thus follows from the fact that (20) is linear in 𝜇.
B.2 Information cost functions

In this section we test the robustness of our main results, stated in Proposition 1, regarding
alternative functional form assumptions on the costs of information acquisition. (Recall that
Proposition 3 is formally valid for the entire class of posterior-separable cost functions.)
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Figure B.5: Simulation tests of Proposition 1 with Shannon, logit, Tsallis, and Renyi
cost functions.
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We simulate the model for the following four cost-of-information functions studied in the
recent theoretical literature on decision making under rational inattention (Caplin, Dean, and
Leahy, 2017; Morris and Strack, 2019). In each case, the cost of the information associated
with a pair of state-contingent choice probabilities (𝑝𝐺, 𝑝𝐵) is given by 𝑐(𝑝𝐺, 𝑝𝐵) = 𝜆(ℎ(𝜇) −

𝑝ℎ(𝛾part) − (1 − 𝑝)ℎ(𝛾abst)), where 𝛾part and 𝛾abst are the posteriors in case of participation and
abstention, respectively. The cost functions differ by the functional form of ℎ, which can take
the following forms.

• Shannon costs: ℎShannon(𝑥) = −𝑥 log(𝑥) − (1 − 𝑥) log(1 − 𝑥).

• Logit costs: ℎlogit(𝑥) = −𝑥logit(𝑥) − (1 − 𝑥)logit(1 − 𝑥), where logit(𝑦) = log
(

𝑦
1−𝑦

)

.

• Tsallis costs: ℎTsallis(𝑥, 𝜎) =
1

𝜎−1

(

𝑥(1 − 𝑥𝜎−1) + (1 − 𝑥)(1 − (1 − 𝑥)𝜎−1)
)

= 1
𝜎−1

(1 − 𝑥𝜎 − (1 − 𝑥)𝜎)

for 𝜎 ∈ 𝑅, 𝜎 ≠ 1. Note that as 𝜎 → 1, ℎTsallis(𝑥, 𝜎) → ℎShannon(𝑥).

• Renyi costs: ℎRenyi(𝑥, 𝜎) =
1

1−𝜎
log (𝑥𝜎 + (1 − 𝑥)𝜎), for 𝜎 > 0, 𝜎 ≠ 1. Note that as 𝜎 → 1,

ℎRenyi(𝑥, 𝜎) → ℎShannon(𝑥).

Our analytical results apply to the case of Shannon costs, which we include here for refer-
ence. The logit case is of interest because it corresponds to the Wald (1947) sequential infor-
mation acquisition problem with linear time costs (Morris and Strack, 2019). Tsallis entropy
is of interest because the selection of parameter 𝜎 allows us to differentially vary the relative
cost of marginal changes in the posterior depending on the distance between the posterior and
the prior. In our simulations, 𝜎 = 2 is a case in which the relative cost of adjusting posteriors
that are near the prior is low (ℎ has a 𝑈 -shaped appearance), and 𝜎 = 0.1 is a case in which
that relative cost is high (ℎ has more of a 𝑉 -shaped appearance). Renyi entropy is of interest
because it is not separable across states. We parametrize these costs with 𝜎 = 2.

The results are shown in Figure B.5, which displays participation curves and the fraction of
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high-cost individuals amongst participants for three different prior probabilities, 𝜇 ∈ {0.1, 0.5, 0.9}.
We derive the fraction of high-cost participants under the assumption that both types are equally
prevalent in the population. In each of the first four cases, the participation curve is steeper for
the high-cost type than for the low-cost type as soon as it is interior for both types, paralleling
the analytical result for the case of Shannon costs in Proposition 1 (i). For the case of Tsallis en-
tropy, we additionally observe that if 𝜎 = 2 and information acquisition costs are low (𝜆 = 0.2),
the participation curve is flat at the level of the prior belief 𝜇. This indicates perfect information
acquisition. The fifth case, Renyi costs, is different. For this cost function, the low-cost type
sometimes responds more strongly to a change in participation payments than does the high-cost
type. This tends to occur near regions of perfect information acquisition.

Regarding the robustness of part (ii) of Proposition 1, we again find in each of the first four
cases that the fraction of high-cost individuals among participants monotonically increases until
participation payments are so high that high-cost individuals participate with probability one.
Again, behavior with Renyi costs exhibits a pattern different from that under Shannon costs;
the composition of participants no longer changes monotonically as the participation payment
increases, even in regions in which both types participate with an interior probability. These
results are suggestive regarding the extent of the generality of the results we have analytically
derived for the Shannon case.
B.3 Alternative models

There are alternative models of endogenous information acquisition with heterogeneous in-
formation acquisition costs. Some alternative models are ostensibly simpler but are analytically
intractable, such as the Gaussian case we consider in detail below. While there exist simpler
models that are also tractable, these models are not rich enough to capture the set of comparative
statics we document in this paper. This occurs if agents cannot tailor their desired level of cer-
tainty to the incentive amount. Consider, for instance, a model in which there is a single binary
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information structure and agents can pay a fixed cost that is heterogeneous across individuals to
access a signal from that information structure. While a higher incentive leads to the selection
of higher cost participants, such selection is inconsequential in this model. The reason is that all
agents observe the same information structure or abstain, so the probability of disappointment
is independent of the incentive.

We now turn to exploring a model with normally distributed signals about an imperfectly
known state of the world, as is often considered in the literature (e.g., Morris and Shin, 2002).
We first consider the case of exogenously given signal precision. This model shares with ours
the feature that the decision-maker, by choosing the threshold belief required for participation,
can tailor the degree of certainty required for participation based on the incentive amount. In
this model, a change in the participation payment has the same effect on the threshold belief re-
gardless of the precision of the signal. Therefore, the effect of such a change on the participation
probability is larger for individuals with less precise information. Consequently, if we associate
higher cost in our model with lower precision in this model, the two models, to some extent,
generate qualitatively similar comparative statics (which we verify numerically, see Appendix
B.3.1). However, our main result on group composition holds only for some parameters of this
model.

This difference suggests that our composition effect is driven in part by the decision-maker’s
ability to choose the quality of information. Therefore, we then study the case in which the agent
can choose the precision of her signal at a cost. Consistent with the foregoing hypothesis, we
find no violations of our results in numerical simulations of a model with normally distributed
signals in which the decision-maker chooses the precision of information (with higher precision
incurring greater cost).
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Figure B.6: Comparative statics similar to those of Proposition 1 in a model with exogenous
Gaussian signals. Graphs in the top row depict participation curves for each level of the sig-
nal precision, as well as the fraction of high-cost types amongst participants, assuming equal
population frequencies of the types. Graphs in the bottom row depict posteriors 𝑃 (𝑠 = 𝐺|

participate) and 𝑃 (𝑠 = 𝐺| abstain).

B.3.1 Exogenous Gaussian signals

As in the main text, an agent decides whether or not to participate in a transaction in exchange
for a payment 𝑚. There are two states 𝑠 ∈ {𝐺,𝐵} with prior distribution 𝑃 (𝑠 = 𝐺) = 𝜇. If the
agent participates in state 𝑠, she receives utility 𝜋𝑠 +𝑚, which is positive if 𝑠 = 𝐺 and negative
otherwise. Non-participation gives utility 0.

The information acquisition technology differs from that in the main text. The agent ob-
serves a stochastic signal 𝑛 that is normally distributed. If 𝑠 = 𝐺, the mean of the signal is 1,
if 𝑠 = 𝐵, the mean is 0. The variance of the signal is 𝜎2, and is heterogeneous across subjects.
While the normal signal is free to observe, the fact that this signal provides only incomplete
information about the state, and the fact that the extent of incompleteness varies across agents
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corresponds to an implicit assumption that information is costly, and that information costs are
heterogeneous across subjects.

Conditional on signal realization 𝑛, the agent will participate if (𝜋𝐺 + 𝑚)𝑃𝑟(𝑠 = 𝐺|𝑛) +

(𝜋𝐵 + 𝑚)𝑃𝑟(𝑠 = 𝐵|𝑛) ≥ 0, or equivalently, if

𝑃𝑟(𝑠 = 𝐺|𝑛) ≥
−(𝜋𝐵 + 𝑚)
𝜋𝐺 − 𝜋𝐵

. (21)

As noted in the main text, this threshold belief is independent of the signal variance 𝜎2.
To derive the participation probability, observe that the posterior belief of the agent after

observing signal realization 𝑛 is given by

𝑃𝑟(𝑠 = 𝐺|𝑛) =
𝜇 1

√

2𝜋𝜎
exp(− (𝑛−1)2

2𝜎2
)

𝜇 1
√

2𝜋𝜎
exp(− (𝑛−1)2

2𝜎2
) + (1 − 𝜇) 1

√

2𝜋𝜎
exp(− 𝑛2

2𝜎2
)
=

𝜇
𝜇 + (1 − 𝜇) exp(1−2𝑛

2𝜎2
)
.

By (21), the agent will thus participate if

𝑛 ≥ 1
2
− 𝜎2 log 𝛾, (22)

where 𝛾 = − 𝜇(𝜋𝐺+𝑚)
(1−𝜇)(𝜋𝐵+𝑚)

. This yields the state-dependent participation probabilities 𝑝𝐺 = 1 −

Φ
(

− 1
2−𝜎

2 log 𝛾

𝜎

)

and 𝑝𝐵 = 1 − Φ
(

1
2−𝜎

2 log 𝛾

𝜎

)

.
Figure B.6 shows the participation curves implied by this model for 𝜇 ∈ {0.1, 0.5, 0.9},

and two levels of 𝜎 each. Over a part of the domain, the figures are consistent with both parts
of Proposition 1. First, participation increases more steeply for the high-cost type whenever
the prior-based expected value of the gamble is sufficiently close to zero. Second, as long as
𝑚 is sufficiently small, the probability that a participant is a high-cost type increases with the
payment 𝑚.

The figure also shows posterior probabilities that 𝑠 = 𝐺 conditional on each action (the upper
two curves in each graph correspond to 𝑃 (𝑠 = 𝐺|accept), and the lower two curves correspond
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to 𝑃 (𝑠 = 𝐺|reject)). Mechanically, a lower variance of the signal corresponds to more dispersed
posteriors (that is, posteriors that incorporate more information), which parallels Proposition 3.
B.3.2 Choice of Gaussian signal precision

We consider the same information technology as in Section B.3.1, with the exception that
the agent can now choose the precision of the Gaussian signal at a cost. Specifically, the agent
pays cost 𝑐(𝜎) = 𝜆∕𝜎 to observe a signal with variance 𝜎2. As in the main text, 𝜆 captures
individual heterogeneity in information acquisition costs, and information acquisition costs are
discounted from the agent’s utility.

Conditional on the signal variance 𝜎2, the analysis parallels that of Section B.3.1. Specif-
ically, if the agent finds it optimal to base her decision on a signal with precision 𝜎2, she will
participate for signal realizations that weakly exceed the bound in equation (22). If the agent
finds it optimal to reach a decision without acquiring any information, she will participate with
probability 1 if 𝜇(𝜋𝐺 + 𝑚) + (1 − 𝜇)(𝜋𝐵 + 𝑚) ≥ 0, and abstain otherwise. The condition deter-
mining whether the agent acquires information is somewhat complicated; if she does, one can
show that the optimal signal precision satisfies the first-order condition

(1
2
+ 𝜎2 log 𝛾)2

2𝜎2
= log

𝜇(𝜋𝐺 + 𝑚)
√

2𝜋𝜆
,

where 𝛾 = − 𝜇(𝜋𝐺+𝑚)
(1−𝜇)(𝜋𝐵+𝑚)

. When combined with the above expressions for the participation prob-
ability, the second derivatives required for our comparative statics results become analytically
intractable. We therefore solve the model numerically.

Figure B.7 shows the participation curves implied by this model for 𝜇 ∈ {0.1, 0.5, 0.9},
and two levels of 𝜆 each. The figures are consistent with both parts of Proposition 1. First,
participation increases more steeply for the high-cost type whenever it is interior. Second, as
long as neither type participates with probability 1, the probability that a participant is a high-
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cost type increases with the payment 𝑚. We have not found any counterexamples for a wide
range of alternative parameter values we have checked.

𝜇 = 0.1 𝜇 = 0.5 𝜇 = 0.9

Participation curves and composition effects
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Figure B.7: Comparative statics similar to those of Proposition 1 in a model with Gaussian
signals with optimally chosen costly precision. Graphs in the top row depict participation curves
for each cost level, as well as the fraction of high-cost types amongst participants, assuming
equal population frequencies of the types. Graphs in the bottom row depict posteriors 𝑃 (𝑠 = 𝐺|

participate) and 𝑃 (𝑠 = 𝐺| abstain) and are drawn over the domain on which the agent chooses
based on information rather than on priors alone.
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C Experiment: Additional Materials
C.1 Laboratory sessions

Table C.5 presents details regarding each session. All sessions were conducted by a doctoral
student research assistant in Cologne. We recruited subjects from the existing subject pool of the
University of Cologne’s Laboratory for Economic Research without any targeting of particular
demographics.

The experiment was computerized, based on the Qualtrics survey platform and javascript.
Lists of additions such as in Figure 2 were displayed in a graphic format (HTML5 canvas) rather
than as text in order to prevent computerized checking and searching.

After analyzing the data from the sessions in May, we decided to replicate the results, using
a condition in which performance on the IQ test was incentivized. In sessions 18 and 19, a
clerical error caused an inconsistency in the instructions the experimenter read aloud and the
IQ-incentive condition subjects were actually given. Since responses to incentives can depend
significantly on expectations (Abeler, Falk, Goette, and Huffman, 2011), we discard the IQ data
from these sessions.
C.2 Summary statistics

Data overview Table C.6 presents an overview of our data. Each subject provides us with 18
observations, leading to 7,008 observations across the task difficulty levels and 3,504 observa-
tions in the Exogenous Information condition. A handful of subjects choose to take the bet in all
rounds of a condition, or in none of them. The latter behavior is more frequent in the Exogenous
Information condition. Given the limits on information acquisition in that condition, we would
expect such behavior from risk averse individuals.
Subjects’ background characteristics The average subject is 24.5 years of age. 53.3% are
female. 54.8% of our subjects are enrolled in a STEM major. Amongst those, 11.8% have taken
an honors class in both mathematics and German, 29.9% have taken neither, 33.6% have taken
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Session Date Weekday Time #Subjects Low-cost condition IQ incentives
# correct # incorrect
if 𝑠 = 𝐺 if 𝑠 = 𝐺

1 4/27/17 Mon 10 AM 19 12 8 No
2 5/3/17 Wed 10 AM 32 18 12 No
3 5/3/17 Wed 1 PM 29 18 12 No
4 5/3/17 Wed 4:30 PM 31 18 12 No
5 5/10/17 Wed 10 AM 32 15 10 No
6 5/10/17 Wed 1 PM 31 15 10 No
7 5/11/17 Thur 10 AM 30 15 10 No
8 5/11/17 Thur 1 PM 32 15 10 No
9 5/12/17 Fri 10 AM 32 15 10 No

10 5/12/17 Fri 1 PM 32 15 10 No
11 7/7/17 Fri 1 PM 29 15 10 Yes
12 7/10/17 Mon 10 AM 32 15 10 Yes
13 7/10/17 Mon 1 PM 32 15 10 Yes
14 7/17/17 Mon 10 AM 32 15 10 Yes
15 7/17/17 Mon 1 PM 32 15 10 Yes
16 7/18/17 Tue 10 AM 32 15 10 Yes
17 7/18/17 Tue 1 PM 32 15 10 Yes
18 7/24/17 Mon 10 AM 32 15 10 N.A.
19 7/24/17 Mon 1 PM 31 15 10 N.A.

Table C.5: Laboratory Sessions.
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Information condition Subjects Decisions % bet Always take bet Never take bet
in condition in condition

Endogenous information 584 7008 37.74% 4 6
Exogenous information 584 3504 33.19% 4 91

Table C.6: Data overview. Each subject participated in each treatment, in random order. One
subject chose to never bet in either condition.

only mathematics, and 24.7% have taken only German. Amongst those not enrolled in a STEM
major, the respective numbers are 10.5%, 31.9%, 19.8%, and 37.9%.
Correlations between individual-level measures Table C.7 displays pairwise correlations
between our individual-level measures.
C.3 Auxiliary analysis

Order effects There are pronounced order effects regarding the time subjects take to complete
each decision. On average, they examine the first picture for over 2.7 minutes, whereas they
examine the last one for just 1.2 minutes (with standard deviations in the population test subjects
of 2 and 1.3 minutes, respectively). The fraction of betting-decisions that are aligned with
the state is 79.5% for the first round, and 71.2% for the last round. Regressing the fraction
of decisions that align with the state on the decision order yields a slope coefficient of 0.38
percentage points per round (SE 0.10). While this change is statistically significant, it is less
pronounced than one might expect from a 60% drop in examination time. We conclude that
the drop in examination time includes a substantial learning component and reflects to a lesser
extent a change in how careful subjects make decisions.
Implementation of the reservation price elicitation task Of the subjects selected to check
a given number of calculations (according to the reservation price elicitation stage), 90.23%
of subjects verified 90% or more correctly, and thus exceeded the quality required for receiving
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Table C.7: Pairwise correlations between subject characteristics.

(1) (2) (3) (4) (5) (6) (7) (8)
CE rank Res. price Raven’s test rank High school mathematics STEM HS German

rank Non-inc. Inc. Honors Grade rank Honors
CE rank 1.0000

Reservation price rank -0.0225 1.0000
(0.5878)

Raven’s test rank

Non-incentivized -0.1241 -0.1449 1.0000
(0.0316) (0.0120)

Incentivized -0.0564 -0.0240 . 1.0000
(0.4039) (0.7224) .

High school mathematics

Honors 0.0258 -0.0735 0.0416 0.2199 1.0000
(0.5442) (0.0841) (0.4929) (0.0011)

Grade rank -0.0560 -0.0712 0.1527 0.2352 0.2284 1.0000
(0.2026) (0.1048) (0.0123) (0.0010) (0.0000)

STEM 0.0686 0.0010 0.0935 0.1687 0.1566 0.1479 1.0000
(0.0977) (0.9802) (0.1062) (0.0120) (0.0002) (0.0007)

High school German

Honors -0.0302 0.0485 -0.0585 -0.2071 -0.2047 -0.1018 -0.1197 1.0000
(0.4793) (0.2551) (0.3355) (0.0022) (0.0000) (0.0225) (0.0049)

Grade rank -0.0195 0.0531 -0.0283 -0.0872 -0.1021 0.1734 -0.1547 0.1841
(0.6597) (0.2288) (0.6518) (0.2206) (0.0223) (0.0001) (0.0004) (0.0000)

Notes: CE rank is the percentile rank of a subjects’ mean certainty equivalent in the risk elicitation task. Higher
ranks correspond to lower risk aversion. Numbers in parentheses display 𝑝-values.
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payment for this task (and avoiding punishment). This statistic is based solely on sessions 5–19;
sessions 1–4 are excluded as there was an error with recording the fraction of correctly verified
calculations.
Decision reversals After stating their posterior beliefs, subjects had the opportunity to return
to the previous screen to change their decision of whether to accept or refuse the bet. Overall,
1.05% of all decisions were changed, and 15.6% of subjects changed their decision at least once
over the 18 rounds of the experiment.
C.4 Robustness of the empirical results

Participation by state Figure C.8 shows the effect of incentives on participation separately
by state as an additional check whether our results arise for the right reasons. Panel A splits the
data by information cost condition. It that our results are consistent with the intuition outlined
in Section 2. A subject who participates in the good state avoids a false negative error; a subject
who participates in the bad state commits a false positive error. The graph shows that a higher
participation payment leads to an increase in the false positive probability and to a decrease in the
false negative probability within each information cost condition, and that this change is larger in
magnitude for higher information costs, leading to more elastic participation in these conditions.
Panel B shows that the same result obtains if we instead split the data by whether a subject has
an above or below median reservation price for checking a given number of calculations.
First-order stochastic dominance Proposition 1 (i) predicts that the distribution of infor-
mation costs amongst those who elect to participate first-order stochastically increases in the
incentive. Section 4.1 shows that average costs increase, which is a weaker statement than an
increase in distribution. Here we examine the stronger claim by plotting empirical cumulative
distribution functions of the information costs amongst subjects who chose to participate in the
gamble, by incentive amount. Panel A of Figure C.9 uses the information cost index as the
measure of cost. A FOSD-increase is readily apparent. Panel B uses our measure of idiosyn-
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Figure C.8: State-dependent participation by information cost.

A. Induced information cost. B. Idiosyncratic information cost.
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cratic information costs. We observe an FOSD shift as the incentive rises from ¤2 to ¤6 but
only small effects as it changes from ¤6 to ¤10. Panel C displays corresponding results for the
exogenous information condition. Consistent with our expectations, we observe no FOSD-shift
in that treatment. Finally, Panels D, E, and F split the information contained in Panel B accord-
ing to whether the induced cost is low, medium, or high, respectively. We observe clear FOSD
shifts in the latter case (Panel F).
Alternative regression specifications Table C.8 replicates our main table, Table 2, including
a control for subjects’ percentile rank of their mean certainty equivalent to the risk preference
elicitation questions, as well as the interaction between that variable and the incentive amount.
The parameter estimates and significance levels generally remain similar to Table 2.
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Figure C.9: Empirical cumulative distribution function of cost measures amongst subjects who
chose to participate in the gamble
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Notes: All panels except for panel C exclude observations from the exogenous information
condition. Panel C only includes observations from that condition.



Table C.8: Composition and slope effects controlling for risk preferences.

(1) (2) (3) (4) (5) (6) (7) (8)
Type Composition effect Slope effect

VARIABLES Info. Res. Res. Res. Gamble Gamble Gamble Gamble
cost price price price accepted accepted accepted accepted

index %ile %ile %ile
Proposition tested 1(ii) 1(ii) - 2𝑎) 1(i) 1(i) - 2
Sample

Endogenous Information ✓ ✓ ✓ ✓ ✓ ✓

Exogenous Information ✓ ✓

Panel A. Main regressions

Gamble accepted 1 ×

× Incentive 0.577*** 0.064*** 0.007 -0.053 -0.073 0.350*** 0.785*** -0.008
(0.049) (0.019) (0.042) (0.036) (0.069) (0.051) (0.065) (0.091)

× Cost index -0.040*** -0.167***
(0.012) (0.012)

× Incentive × cost index 0.065*** 0.239***
(0.018) (0.025)

Gamble rejected Res. Price > median

× Incentive -0.208*** -0.023** -0.009 0.030 0.099** -0.042 -0.130
(0.033) (0.011) (0.016) (0.028) (0.047) (0.054) (0.112)

× Cost index 0.007 -0.053**
(0.005) (0.024)

× Incentive × cost index -0.026** 0.115**
(0.013) (0.050)

× 1 0.559*** 0.064*** 0.001 -0.020 -0.072*** 0.024 0.034
(0.039) (0.016) (0.036) (0.034) (0.025) (0.025) (0.057)

CE rank
×1 0.033* -0.011 -0.010 -0.011 0.026 0.022 -0.026 0.022

(0.018) (0.041) (0.041) (0.041) (0.044) (0.044) (0.049) (0.044)
× Incentive -0.061** -0.005 -0.013 -0.005 0.151* 0.157** 0.336*** 0.157**

(0.026) (0.005) (0.009) (0.005) (0.078) (0.078) (0.102) (0.078)
Observations 7,008 7,008 3,504 7,008 7,008 7,008 3,504 7,008
Subjects 584 584 584 584 584 584 584 584

𝑎) Proposition 2 is stated in terms of slopes on the participation curves only, as tested in Column (8). If there are no
countervailing level effects, proposition 2 implies the comparative statics on composition effects tested in column
4.
Notes: This table replicates Table 2 including controls for a subject’s risk-preference percentile (CE rank) and its
interaction with the incentive amount, as well as an indicator of the cost condition for cases in which information
costs are measured as reservation price for checking a given number of calculations. Standard errors in parentheses,
clustered by subject. ∗𝑝 < 0.1, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.
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C.5 Experiment instructions

Note: Horizontal lines represent screen breaks. The instructions reproduced here concern

the unincentivized IQ condition. In the incentivized IQ condition, subjects were told that there

are three parts, that they could earn money in each of them, and that the chance of each of the

parts counting for payment was 80%, 10% and 10%, respectively.
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[The subject completes all 18 rounds]
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(Note: The selection of options in the above list is illustration purposes only. For all subjects,

no options were selected until the subject made a selection. Subjects had to make an active

choice on each line, but could only switch from the option on the right to the option on the left

once, or never, and never in the opposite direction. Subjects also saw corresponding lists for
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totals of 60, 100, and 200 calculations)

Note: At this stage, subjects solve the Raven’s matrices (not reproduced here for copyright

reasons).
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(Note: The selection of options in the above list is illustration purposes only. For all subjects,

no options were selected until the subject made a selection. Subjects had to make an active

choice on each line, but could only switch from the option on the right to the option on the left

once, or never, and never in the opposite direction. Subjects decided for 8 further lotteries, in

random order.
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We would like to ask you some questions about yourself.
Please answer truthfully.

What is your gender?
[male; female; other (e.g. genderqueer)]

How old are you?

At which faculty do you study?
[Faculty of Economics, Management and Social Science; Faculty of Law; Faculty of

Medicine; Faculty of Philosophy; Faculty of Mathematics and Natural Sciences; Faculty of

the Humanities; I am not a student]

Which state conferred your Abitur (university entrance diploma)?
[Baden-Württemberg; Bayern; Berlin; Brandenburg; Bremen; Hamburg; Hesse;

Mecklenburg-Vorpommern; Niedersaxen; Nordrhein-Westfalen; Rheinland-Pfalz; Saarland;

Sachsen; Sachsen-Anhalt; Schleswig-Holstein; Thüringen; I received the International

Baccalaureate; I do not have an Abitur; I prefer not to say]

What was your Grade Point Average in the Abitur?
[1.0, 1.1, 1.2, . . . , 3.9, 4.0; I do not have an Abitur; I do not remember; I prefer not to say]

What was your Abitur grade in Mathematics?
[15 points (1+), 14 points (1), 13 points (1-), 12 points (2+), 11 points (2), 10 points, (2-), . . . ,

3 points (5+), 2 points (2), 1 point (2-), 0 points; I do not have an Abitur; I do not remember; I

prefer not to say]

What was your Abitur grade in German?
[15 points (1+), 14 points (1), 13 points (1-), 12 points (2+), 11 points (2), 10 points, (2-), . . . ,
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3 points (5+), 2 points (2), 1 point (2-), 0 points; I do not have an Abitur; I do not remember; I

prefer not to say]

Have you taken an honors class in Mathematics in high school (Leistungskurs im Abitur)?
[Yes; No; I do not have an Abitur]

Have you taken an honors class in German in high school (Leistungskurs im Abitur)?
[Yes; No; I do not have an Abitur]

How much money do you spend on average each month (incl. rent, food, transportation, etc.)
[D 0 - D 150; D 150 - D 300; D 300 - D 450; D 450 - D 600; D 600 - D 750; D 750 - D 900;

D 900 - D 1050; D 1050 - D 1200; D 1200 - D 1350; D 1350 - D 1500; D 1500 - D 2000;

D 2000 - D 2500; D 2500 - D 3000; more than D 3000; I prefer not to say]

How much money do you earn each month through your own labor?
[D 0 - D 50; D 50 - D 100; D 100 - D 150; D 150 - D 200; D 200 - D 250; D 250 - D 300; D 300

- D 350; D 350 - D 400; D 400 - D 450; D 450 - D 500; D 500 - D 600; D 600 - D 700; D 700 -

D 800; D 800 - D 900; D 900 - D 1000; D 1000 - D 1250; D 1250 - D 1500; D 1500 - D 1750;

D 1750 - D 2000; D 2000 - D 2500; D 2500 - D 3000; more than D 3000; I prefer not to say]

How much money do you receive from your parents each month?
[D 0 - D 50; D 50 - D 100; D 100 - D 150; D 150 - D 200; D 200 - D 250; D 250 - D 300; D 300

- D 350; D 350 - D 400; D 400 - D 450; D 450 - D 500; D 500 - D 600; D 600 - D 700; D 700 -

D 800; D 800 - D 900; D 900 - D 1000; D 1000 - D 1250; D 1250 - D 1500; D 1500 - D 1750;

D 1750 - D 2000; D 2000 - D 2500; D 2500 - D 3000; more than D 3000; I prefer not to say]

What is the net wealth of your parents (incl. real estate)?
[D 0k - D 25k; D 25k - D 50k; D 50k - D 75k; D 75k - D 100k; D 100k - D 125k; D 125k -
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D 150k; D 150k - D 175k; D 175k - D 200k; D 200k - D 250k; D 250k - D 300k; D 300k -

D 350k; D 350k - D 400k; D 400k - D 450k; D 450k - D 500k; D 500k - D 600k; D 600k -

D 700k; D 700k - D 800k; D 800k - D 900k; D 900k - D 1 mio.; D 1 mio. - D 1.5 mio.; D 1.5

mio. - D 2 mio.; D 2 mio. - D 2.5 mio.; D 2.5 mio. - D 3 mio.; D 3 mio. - D 3.5 mio.; D 3.5 mio.

- D 4 mio.; more than D 4 mio.; I prefer not to say]
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