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Abstract
How and why do incentive levels a�ect strategic behavior? This paper examines
an experiment designed to identify the causal e�ect of scaling up incentives on
choices and beliefs in strategic settings by holding �xed opponents’ actions. In
dominance-solvable games, higher incentives increase action sophistication and
best-response rates and decrease mistake propensity. Beliefs tend to become more
accurate with higher own incentives in simple games. However, opponents with
higher incentive levels are harder to predict: while beliefs track opponents’ behav-
ior when they have higher incentive levels, beliefs about opponents also become
more biased. We provide evidence that incentives a�ect cognitive e�ort and that
greater e�ort increases performance and predicts choice and belief sophistication.
Overall, the data lends support to combining both payo�-dependent mistakes and
costly reasoning.
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1. Introduction
Deviations from Nash equilibrium and rationalizable behavior have been abundantly documented,
both within and across games. For the former, within-game evidence suggests the existence of
systematic di�erences to Nash equilibrium predictions, including nontrivial proportions of non-
rationalizable and even dominated choices. For the latter, existing evidence mostly relates to
how increasing relative incentives for a player to choose a given action increases its observed
frequency.1 The evidence has then brought to the fore a variety of new models of behavior in
strategic settings in which players have a limited reasoning ability as in level-k (Nagel, 1995; Stahl
and Wilson, 1995) and cognitive hierarchy (Camerer et al., 2004), make mistakes as in quantal re-
sponse equilibrium (McKelvey and Palfrey, 1995), or face cognitive costs as in endogenous depth
of reasoning models (Alaoui and Penta, 2016) and sequential sampling equilibrium (Gonçalves,
2022).

If the underlying rationale for observed behavior is that decision-making in strategic settings is
cognitively challenging — people need to form an understanding of the environment, how others
may act, and what to do — incentive levels can decisively impact strategic behavior. In non-
strategic decision-making, for instance, higher incentive levels or stakes increase exerted e�ort
and tend to lead to better choices in simple problems (Dean and Neligh, 2022; Caplin et al., 2020).2

In strategic settings, what makes a choice better or worse depends on others’ behavior, which ren-
ders the e�ect of incentives on behavior ambiguous. Existing models suggest two mechanisms
through which incentive levels may operate on behavior. On the one hand, when one’s own
incentive level is higher, mistakes such as choosing dominated actions are more costly and it is
reasonable to expect them to be less frequent, in line with quantal response equilibrium. On the
other hand, higher own incentive levels increase the marginal bene�t to exert cognitive e�ort,
which may entail forming di�erent beliefs about others’ behavior and thus choose di�erently
— the main mechanism operating in endogenous depth of reasoning and sequential sampling
equilibrium. Moreover, it is not only one’s own incentive level that matters: when opponents’
incentive level is higher, one may expect opponents’ to make fewer mistakes and be more strate-
gically sophisticated, and then react accordingly.
1See, among many others, McKelvey and Palfrey (1992), Goeree and Holt (2001) and Costa-Gomes and Weizsäcker
(2008). Camerer (2003) presents on early overview of experimental evidence.

2The evidence is nuanced though. Recent evidence by Enke et al. (2021) shows that higher incentive levels does
increase response time — a proxy for exerted e�ort — but performance increases only in simple enough tasks.
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Existing literature, however, lacks clearly identi�ed evidence of both of the e�ects of incentive
levels on strategic behavior and the underlying mechanisms. Note how, even if scaling up a
player’s incentive level would, all else constant, lead to better choices, more e�ort, and more
accurate beliefs, opponents may naturally react to incentive levels — either because opponents’
incentive level is also higher, or because they anticipate the change in the player’s behavior.
Then, even when observing that increasing overall incentive levels (scaling up payo�s) results
in greater action sophistication (e.g. McKelvey and Palfrey, 1992; Rapoport et al., 2003; Camerer,
2003, ch. 1.3, 5.2 ), it is still unclear what changes in behavior are due to a player’s own incentive
level, their opponents’ incentive level, and which mechanisms underlie the changes in strategic
behavior.

This paper experimentally examines the causal e�ect of incentive levels on both choices and be-
liefs in strategic settings. Focusing on dominance solvable games, we show that higher own in-
centive levels lead to more sophisticated behavior (lower rate of dominated choices) and a higher
best-response rate to reported beliefs. Furthermore, with higher own incentive levels, reported
beliefs also denote greater sophistication: opponents are expected to play more sophisticated ac-
tions and beliefs are less biased. Finally, higher incentive levels signi�cantly increase response
time, which is in turn we �nd to be positively associated with expected payo�s and both action
and belief sophistication.

Our design separately identi�es the e�ect of own and opponents’ incentive levels on strategic
behavior. For this, players are assigned to treatments specifying whether the incentive level they
and their opponents’ face are both high, low, or one is high and the other is low. We use as
baseline opponent choices from groups in which both own and opponent incentive treatment are
the same. Subjects with a given incentive level are then asked to play against a randomly selected
opponent from the baseline treatment group with either the high or low incentive level, similar
to an observer method (Huck and Weizsäcker, 2002; Alaoui et al., 2020). This allows us to freely
vary a subjects’ own incentives level while holding �xed their opponents’ choices and incentive
level, as well as resolving all uncertainty about the incentives their opponents face.3 We vary the
incentive level by randomly assigning subjects to have either a high or a low bonus, which they
can increase the probability of earning with the choices the make in the experiment.

We focus on two two-player dominance-solvable games in which actions are linearly ordered
3Speci�cally, this simple setup not only resolves subjects’ beliefs about their opponents’ incentive level, it also in-
forms them of the incentive level of their opponents’ opponents and so on.
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by iterated dominance. One game is arguably ‘simpler’ than the other in that it takes fewer
steps of iterated elimination of strictly dominated actions to reach to the dominance solution.
In both games, level-k actions are identi�ed in a manner that is robust to uncertainty aversion.
The games share a number of features with standard dominance-solvable games (such as 11-
20, undercutting games, and ring games), which enables us to relate our results to the existing
literature. In focusing on initial responses and to keep incentives per game high-powered, we
provide unincentivized two practice rounds without feedback and a single incentivized round.
We then obtain a 2×2×2 between-subject design with random assignment, in which over 800
subjects recruited online play only one game and only once.

Our �rst set of results show that higher own incentive level increases the sophistication of play
and decreases mistake propensity. Speci�cally, the frequency of dominated actions is halved with
higher own incentive levels and that of the level 2 action increases. However, if in the simpler
game, higher own incentives do increase the frequency of the dominance solution (the level 2
action), this slightly decreases in the more complicated game, for which the dominance solution
corresponds to the level 3 action. The data suggests this is due to lower mistake propensity and
choices becoming less random: in line with intuition from stochastic choice models and quantal
response, higher own incentive levels induce subjects to best respond to their beliefs more often
and their choices are more responsive to di�erences in expected payo�s as calculated using stated
beliefs.

We then consider if and how subjects’ beliefs react to incentive levels. We �nd that in the simpler
game — but not in the more complicated one — higher own incentives entail assigning lower prob-
ability to opponents with high incentives choosing dominated actions, and to players forming a
more accurate estimate of the expected payo�s to the di�erent actions. Moreover, while beliefs
on the choices of low-incentive opponents are closer to the uniform and thus easier to predict,
it is harder with high-incentive opponents. Consequently, reported beliefs on the frequency of
dominance play and of dominated choices are more biased, that is, farther away from realized
frequencies. Similarly, expected payo�s implied by reported beliefs are also more biased relative
to empirical expected payo�s when opponents have higher incentive levels. This suggests that
the e�ect of own and opponent incentive levels operate in opposite directions on belief accuracy
even in a dominance-solvable game.

Our third set of results pertains to the e�ect of incentive levels on cognitive e�ort and how it
relates to strategic behavior. By increasing the marginal bene�t to reasoning, own incentive lev-

3



els may a�ect beliefs (and therefore choices), as predicted by models in which players engage in
a cost-bene�t analysis of reasoning such as in endogenous depth of reasoning or in sequential
sampling equilibrium. Similarly to existing literature (Caplin et al., 2020; Alós-Ferrer and Buck-
enmaier, 2021; Frydman and Nunnari, 2023, e.g.), we proxy for cognitive e�ort by examining
response time data and �nd that higher own incentive levels increase e�ort by more than 40%.
Additionally, controlling for incentives and individual characteristics, response times are associ-
ated with performance — for instance, a 40% increase in response time increases the likelihood
of best responding to the empirical frequency of opponent behavior by 5.2 percentage points.
Finally, we explore how response times relate to both actions and beliefs and �nd that, control-
ling for incentives and individual characteristics, longer response times are associated with more
sophisticated actions being chosen and with more sophisticated beliefs being reported. In par-
ticular, longer response times are associated with believing in a higher frequency of play for the
level 2 action, which corresponds to the modal action in both games regardless of the incentive
treatment. In contrast, the belief in the frequency of play of the dominance solution in the more
complicated game — in which it does not correspond to the level 2 action — is fairly invariant
with respect to response time.

Taken together, our results suggest incentive levels increase action sophistication both by in-
creasing the incentive to reason further and form better beliefs and by decreasing the propensity
to make mistakes. The fact that action sophistication and belief accuracy increases in the simpler
game but less so or not at all in the more complicated game suggests that one should not expect
changes in incentives to have the same e�ect in strategic environments with di�erent degrees of
complexity. Furthermore, our results caution against positing universal low levels of sophistica-
tion based on experimental evidence with low-powered incentives, as well as against relying on
predictions requiring high levels of sophistication in complex but low-stakes environments.

1.1. Related Literature

Our paper contributes to the study of strategic sophistication in games, of how incentives relate
to performance and mistakes in games, and of how response time relates to choices.

Strategic Sophistication. There is longstanding evidence that di�erent individuals seem to ex-
hibit di�erent levels of strategic sophistication, which seems to help explain deviations from
Nash equilibrium predictions. This is so in dominance-solvable games — such as beauty contests
(Nagel, 1995), undercutting games (Costa-Gomes and Crawford, 2006), and ring games (Kneeland,
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2015) — but also in games that are not dominance-solvable (see e.g. Arad and Rubinstein, 2012;
Fudenberg and Liang, 2019). but also especially — but not only — in dominance-solvable games.
Motivated by the observation that the level of strategic sophistication for a given individual is not
stable across games (Georganas et al., 2015) and depends on beliefs about the opponents (Agranov
et al., 2012), the discussion has since moved toward better understanding the e�ects of incentives
on strategic sophistication, with recent models endogenizing this relation (e.g. Alaoui and Penta,
2016; Gonçalves, 2022).

Closest to this paper is the recent work by Alaoui et al. (2020), which shows that changing relative
incentives so as to make the structure of iterated dominance more salient leads to a �rst-order
stochastic dominance shift of choices toward higher levels of strategic sophistication, as given by
the order of rationalizability of a given action. In contrast, this paper keeps relative incentives
between actions �xed and examines the e�ect of incentive level on both choices and beliefs.
While there is evidence for greater strategic sophistication due to greater cognitive e�ort exerted
in forming beliefs about the opponents’ behavior, we also �nd that the e�ect of incentive levels
on reducing mistakes is also a major channel that needs to be taken into account.

Incentives and Mistakes. Choices in strategic settings tend to have a dimension of payo�-
dependent stochasticity — an idea originating in discrete choice models (Luce, 1959; McFadden,
1974) — and action frequencies are closely related to their associated expected payo�s: those with
higher expected payo�s are not always chosen, but they are chosen with higher probability. This
monotonicity of choice frequencies with respect to payo�s is premise is the hallmark of quantal
response equilibrium (McKelvey and Palfrey, 1995; Goeree et al., 2005) and other models of costly
optimization in games (Mattsson and Weibull, 2002), which originated a wealth of applications
— see (Holt et al., 2016) for a survey. In line with the main premise of this class of models, we
�nd evidence for the posited monotonicity in dominance solvable games, with a crucial di�er-
ence: monotonicity holds considering expected payo�s not according to the objective empirical
frequency of actions, but with respect to each subjects’ reported beliefs. Moreover, although
subjects do not perfectly best-respond to stated beliefs,4 we �nd that a higher own incentive lev-
els sharpens the association between (subjective) expected payo�s and choice frequencies, and
subjects best-respond more often to their beliefs.

This paper is also related to work relating incentive levels and performance. Recent evidence from
4Something which has been noted in prior work (Costa-Gomes and Weizsäcker, 2008; Rey-Biel, 2009, e.g.)
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individual decision-making problems shows that, in line with costly cognition models (Matějka
and McKay, 2015; Caplin and Dean, 2015), with higher incentives, people perform better (Dean
and Neligh, 2022). However, this e�ect seems to depend on the complexity of the task; for in-
stance, Enke et al. (2021) �nd that choice performance improves with signi�cantly higher incen-
tives in a simple task, but not in more complicated ones. In strategic settings, higher stakes lead
rejection rates close to the subgame perfection prediction of zero in ultimatum games (Andersen
et al., 2011), and also seem to entail greater sophistication in centipede games, with fewer ‘passes’
(McKelvey and Palfrey, 1992; Rapoport et al., 2003), but do not necessarily lead behavior closer
to Nash equilibrium predictions in games with a unique mixed strategy equilibrium (McKelvey
et al., 2000; Camerer, 2003, ch. 3). As argued earlier, our contribution relative to these papers is to
provide causally identi�ed evidence of the e�ect of incentive levels on both choices, beliefs and
response times within a strategic setting.

Response Times in Strategic Settings. Finally, our work is related to a burgeoning literature
which studies response time in strategic settings, either using it as a way to classify subjects
(Rubinstein, 2016), predict choice (Schotter and Trevino, 2021) or strategic sophistication (Alós-
Ferrer and Buckenmaier, 2021; D.Gill and Prowse, 2022), or as a proxy for cognitive e�ort (e.g.
Rubinstein, 2007; Proto et al., 2019; Frydman and Nunnari, 2023) (see Spiliopoulos and Ortmann
(2018); Clithero (2018) for a review). The most related paper within this is that of Alós-Ferrer
and Buckenmaier (2021), who examine response times in beauty contest and di�erent variants
of the 11-20 game with a unique mixed strategy Nash equilibrium. The authors �nd that high
levels of sophistication are associated with longer response time and that distorting incentives in
favor of ‘undercutting’ leads smaller numbers — arguably associated with higher sophistication,
despite the fact the variants chosen not being dominance-solvable — and to shorter response
times. Di�erently from these studies, we provide a clearly identi�ed results on how own and
opponents’ incentive levels a�ect to response time. Additionally, we provide suggestive evidence
of the association between response time and strategic sophistication, relying both on choices
and reported beliefs, supporting a mechanism that relatives incentives to cognitive e�ort and
this, in turn, a�ecting belief formation and choices.

2. Hypotheses and Experimental Design
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2.1. Hypotheses

In this section, we lay out our hypotheses. Throughout we focus on �nite normal-form games, Γ=
〈I, A,〉, where I denotes the set of players, A i the actions available for player i, A−i action pro�les
for player i’s opponents, A :=×A i the set of all strategy pro�les, and ui : A →R player i’s payo�
function, with u := {ui}i∈I . As is conventional, we extend payo�s to the space of probabilities
over actions, and write −i to denote player i’s opponents.

Our �rst hypothesis pertains the e�ect of incentives on action sophistication. We rely on ratio-
nalizability to describe action sophistication. Recall that an action is k-rationalizable if there is
a distribution over (k−1)-rationalizable actions of opponents against which it is a best response.
Relying on Pearce (1984, Lemma 3),5 we can equivalently de�ne player i’s k-rationalizable ac-
tions Rk

i as those surviving k rounds of iterated deletion of strictly dominated strategies: Rk
i :=

{ai ∈ A i | Øσi ∈ ∆(A i) : ui(σi,a−i) > ui(ai,a−i),∀a−i ∈ × j 6=iRk−1
j }, with R0

i := A i. Actions are
rationalizable if they are k-rationalizable for all k. We say that an action ai is more sophisti-
cated than another a′

i if there is a k for which the former is k-rationalizable but the latter is not.
Further, the above discussion can be extended to distributions of actions.

While nonrationalizable actions are seen to be chosen with positive probability in experiments
(e.g. Costa-Gomes and Weizsäcker, 2008; Rey-Biel, 2009), it remains unclear if incentive levels
a�ect the sophistication of play. For any two games Γ, Γ̃ that are identical in all except that
payo�s for player i are scaled up, ũi = λui with λ > 1, we say that player i’s incentive level is
higher. Di�erently from payo� distortions, increasing incentive levels leaves relative incentives
unchanged and thus the sets of k-rationalizable action distributions una�ected. Theoretical mod-
els also disagree on predictions. In many models — such as Nash equilibrium, level-k (Stahl and
Wilson, 1994, 1995; Nagel, 1995), and cognitive hierarchy (Camerer et al., 2004) — increasing a
player’s incentive level has no e�ect on the observed distribution of actions. In other models,
as endogenous depth of reasoning in symmetric games (Alaoui and Penta, 2016), increasing a
player’s incentive level may a�ect that player’s actions but not other players.6 And other models
still make no clear prediction on how action sophistication is a�ected by incentive levels, as is
the case of regular quantal response equilibrium (Goeree et al., 2005).
5While this relies on allowing for correlated distributions over opponents’ actions, in two-player games — as in our
experimental setting — this will not play a role.

6For instance, if Γ is a symmetric two-player game and cognitive costs are symmetric, scaling up a player’s incentive
level increases would lead the player to take more steps of reasoning but would not a�ect predictions about their
opponent’s actions.
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Yet, intuition would suggest that by increasing a player’s incentive level, not only that player’s
action sophistication increases, but also that opponents’ can to some extent anticipate this and
adjust their behavior. We formulate this as our �rst hypothesis:

Hypothesis 1 (Action Sophistication). Action sophistication increases in (a) own incentive level
and (b) the opponents’ incentive level.

While testing Hypothesis 1 is in itself a contribution of this paper, we seek to speak to mecha-
nisms, that is, why the incentive level a�ects choices.

One plausible channel for the e�ect of incentives on choices is that, by scaling up incentives,
mistakes become more costly, and thus players are more likely to choose suboptimal actions less
often. This is the logic underlying quantal response which posits the probability a given action
is chosen depends on the player’s vector of expected payo�s. Both models of stochastic choice
based on random utility with additive iid payo� disturbances (McFadden, 1974; McKelvey and
Palfrey, 1995) and on additive perturbed utility or costly precision (Mattsson and Weibull, 2002;
Fudenberg et al., 2015) would predict that, all else equal, a higher incentive level for a player
entails them choosing the best alternative more often. More generally, quantal response equi-
librium would also predict that, for any game, actions with higher expected payo�s are chosen
more often (Goeree et al., 2005). In assessing support for this class of models, we will test the
following hypothesis:

Hypothesis 2 (Mistakes). (a) Best-response rates increase in own incentive level. (b) Actions
with higher expected payo� are chosen more often.

Another possible channel through which incentives may a�ect choices is by a�ecting players’
beliefs. It has been shown that players’ beliefs about the sophistication of their opponents may
partially explain play of nonrationalizable actions. For example, sophistication of play changes
depending on whether players are informed about opponents’ characteristics that are associated
with sophistication, such as chess ratings (Palacios-Huerta and Volij, 2009) or their educational
background (Agranov et al., 2012; Alaoui et al., 2020).

The e�ect of incentive level on beliefs about the opponent may depend on whose incentive level
changes. On the one hand, if incentives entail higher sophistication of play, then when oppo-
nents face a higher incentive level, one should believe their play to be more sophisticated. This
suggests a pattern akin to what is observed when changing relative incentives: if increasing the
relative incentive for a player to choose an action increases the frequency with which it is chosen
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(e.g. Ochs, 1995; McKelvey et al., 2000; Goeree and Holt, 2001), opponents then not only adjust
behavior accordingly, they also report beliefs predicting this empirical pattern (Friedman and
Ward, 2022). On the other hand, since reasoning about the game is costly, if one’s own incentive
level is higher, there is then a higher value to thinking and forming better beliefs. As it has been
previously found that people underestimate their opponents’ sophistication, higher own incen-
tives can contribute to correct this misperception. These insights constitute the core of our next
hypothesis:

Hypothesis 3 (Belief Sophistication). The belief in opponents’ strategic sophistication increases
in both (a) higher own incentive levels and (b) higher opponents’ incentive levels. Furthermore,
(c) beliefs are more accurate with higher own incentives.

Finally, we consider extent to which incentive levels a�ect exerted cognitive e�ort, and how it,
in turn, a�ects behavior. In line with recent models of sequential reasoning in games (Alaoui and
Penta, 2016; Gonçalves, 2022), we conjecture that increasing a player’s incentive level induces
them to exert greater cognitive e�ort and ultimately resulting in better choices. To operational-
ize testing of this mechanism, we follow existing literature and proxy cognitive e�ort through
response times (see e.g. Alós-Ferrer and Buckenmaier, 2021; Frydman and Nunnari, 2023). Our
last hypothesis is then:

Hypothesis 4 (Response Time). (a) Response time increases in one’s own incentive level and (b)
expected payo� increases with response time.

2.2. Experimental Design and Identi�cation Strategy

Identi�cation Strategy. Testing the e�ects of incentive levels on a player’s choices and beliefs
in strategic settings poses a fundamental identi�cation problem, since it requires to hold �xed
their opponents’ behavior. If a higher incentive level for player i a�ects their behavior and this is
understood by their opponents, then it may also a�ect the opponents’ behavior. Hence, changes
in player i’s behavior con�ate the direct e�ect of the change in the incentive level and an indirect
e�ect due to their perception of their opponents’ reaction to it.

Our identi�cation strategy relies on a simple opponent matching protocol, summarized in Figure
1. Subjects are assigned a role in a game as well as an incentive group that determines their
own incentives and their opponents’ incentives. First, we have two incentive groups in which
all players in all roles have either high or low incentives and know their opponents also play
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Low Own Incentives
Low Opponent Incentives

(Low, Low)

High Own Incentives
Low Opponent Incentives

(High, Low)

Low Own Incentives
High Opponent Incentives

(Low, High)

High Own Incentives
High Opponent Incentives

(High, High)

Figure 1: Opponent Matching Procedure
Notes: This diagram describes the matching procedure implemented. Subjects in incentive level groups
(High, High) and (Low, Low) have their payo�s depend on an action taken by another random subject in
the same group. Subjects in incentive level groups (High, Low) and (Low, High) have their payo�s depend
on an action taken by a random subject in the groups (Low, Low) and (High, High), respectively.

the same game with the same incentives. These correspond to groups (High, High) and (Low,
Low) in Figure 1. Second, we have another two incentive groups, with high or low incentives,
that are matched with opponents with the opposite incentive level, low or high, corresponding
to groups (High, Low) and (Low, High) in Figure 1. This ensures that we are able (i) to hold �xed
opponents’ behavior and compare how own incentive levels a�ect choices and beliefs, and (ii) to
hold �xed one’s own incentive level and infer how opponents’ incentive level a�ects their beliefs
and choices. Furthermore, this procedure not only �xes the incentive level a player’s opponents
have, but also their opponents’ opponents, and so on.7 Such methodology is akin to having
having subjects as observers as in Huck and Weizsäcker (2002) and, more recently, in Alaoui
et al. (2020). We also designed the opponent matching procedure so that the strategic incentives
across treatments was symmetric in that subject’s actions did not a�ect their opponents’ payo�s
— a necessity for subjects in incentive groups (High, Low) and (Low, High). With the described
matching procedure and random assignment to incentive level groups, we need but to compare
variables of interest — choices, beliefs, and response times — across subjects with di�erent own
incentive levels or opponent incentive levels to identify the causal e�ect of incentive levels.
7Note that simply informing player i of their opponents’ incentive levels won’t do, since this would not provide
information about the incentive level of their opponents’ opponents, which could be relevant for player i to form
beliefs about their opponents’ behavior. In contrast, this matching procedure ensures that if player i’s opponents
have a given incentive level, then their opponents have the same incentive levels, �xing the player’s higher order
beliefs.
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Player 2
Actions a1 a2 a3 a4

Player 1

a1 40, 40 70, 30 80, 20 10, 10
a2 30, 70 40, 40 70, 30 80, 20
a3 20, 80 30, 70 40, 40 70, 30
a4 10, 10 20, 80 30, 70 40, 40

(a) 2 Steps

Player 2
Actions a1 a2 a3 a4

Player 1

a1 40, 40 70, 30 10, 20 10, 10
a2 30, 70 40, 40 70, 30 10, 20
a3 20, 10 30, 70 40, 40 70, 30
a4 10, 10 20, 10 30, 70 40, 40

(b) 3 Steps

Figure 2: Games
Notes: This �gure exhibits the games used in the experiment. Both are symmetric, two-player dominance-
solvable games, with the game in panel (a) taking 2 steps of iterated (maximal and simultaneous) deletion
of strictly dominated strategies to obtain the strategy prescribed by the dominance solution, whereas the
game in panel (b) takes 3 steps.

Games. Subjects faced one of the two normal-form games exhibited in Figure 2. The two games
are dominance solvable and exhibit similar payo�s. The game in panel (a) takes two iterations
of (maximal and simultaneous) deletion of strictly dominated strategies to reach the dominance
solution strategy, and that in panel (b) takes three iterations. We opted for four-action games
since this is the smallest number of actions that allows us to contrast how the number of iterations
of deletion of dominated actions interacts with the incentive level with minor modi�cations in
payo�s alone. Symmetry was imposed in order to improve statistical power and minimize data
collection. Both exhibit similar payo�s and similar in spirit to 11-20 (Arad and Rubinstein, 2012)
and undercutting games more generally (Nagel, 1995; Costa-Gomes and Crawford, 2006).

All actions in both games can be ranked by iterated dominance. Speci�cally, actions deleted
within the same round of iterated deletion of strictly dominated actions are also ordered in terms
of dominance relation. For instance, in ‘2 Steps’ (Figure 2(a)), (i) a4 is strictly dominated by a3,
which in turn is strictly dominated by a2, and (ii) upon deletion of a3 and a4, a2 is iteratedly
strictly dominated by a1. Similarly, in ‘3 Steps’ (Figure 2(b)), (i) a4 is strictly dominated by a3;
(ii) deleting a4 renders a3 iteratedly strictly dominated by a2, and (iii) deleting a3, again a2 is
iteratedly strictly dominated by a1.

The above implies that actions are ranked in terms of strategic sophistication in a simple manner.
First, if an+1 is k-rationalizable, then so is an. Second, if both an,an+1 are k- but not (k+1)-
rationalizable, then an (iteratedly) strictly dominates an+1. As such, we will throughout take
action an as more strategically sophisticated than an+1. We note that level-k actions are also
uniquely pinned-down assuming level 0 uniformly randomizes, regardless of subjects’ risk atti-
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tudes. Speci�cally, in the 2 Steps game, given level 0 uniformly randomizes, a2 corresponds to the
level 1 action regardless of risk preferences, and a1 to level 2 action; both a3 and a4 are strictly
dominated. In the 3 Steps game, the level 1 action is now a3, level 2 a2, and a1 the level 3 action.

Lastly, we note the games were also chosen so as to mitigate concerns that payo�s would act as
focal coordination points. First, we note that all payo� vectors are associated to multiple action
pro�les, and the dominance payo� (40,40) is too. Although the iterative structure of the game
is apparent Figure 2, we randomly shu�ed rows and columns. Second, the dominance payo�
is neither Pareto dominated nor Pareto dominant, as are the majority of payo� vectors. Third,
the above-described random opponent matching protocol additionally contributes to alleviate
concerns about focal coordination and other-regarding preferences.

Other Design Details and Logistics. The experiment implemented a 2×2×2 design, corre-
sponding to own and opponent’s assignment (or, alternatively, to the 4 incentive level groups)
and to the speci�c games subjects played — 2 or 3 Steps as in Figure 2. Subjects were sorted into
one of the 8 treatments uniformly at random, and play only once.

The experiment was incentivized via a binary lottery so that payo�s corresponded to the prob-
ability of getting paid a prize of $x versus $2.00. In the high own incentive level treatment, $x

corresponded to $22.00 and in the low incentive level to $2.50. We chose the high incentive level
to maximize treatment e�ect, while the low incentive level is higher than the expected payment
per game in other experiments.8

We elicited both actions and beliefs about their opponents’ action distribution. Actions selected
in the game, ai ∈ A i := {a1,a2,a3,a4}, and payo�s obtained with opponents randomly selected
as per the matching procedure correspond to a probability of getting the prize. The order of rows
and columns was randomized and subjects were informed of this. Beliefs bi correspond to the
probability opponents are to choose any given action — i.e. bi = (bi,1,bi,2,bi,3,bi,4) ∈ ∆(A i) —
and were incentivized via a binarized scoring rule (Hossain and Okui, 2013).9 Choices and beliefs
were elicited simultaneously and one of them was randomly selected for payment.

The experiment proceeded as follows: (i) instructions were provided together with comprehen-
sion questions and attention controls, (ii) subjects played two unincentivized practice rounds
8For instance, the average payments per game in Alaoui et al. (2020) and Fudenberg and Liang (2019) were €0.88 and
$0.93, respectively.

9Speci�cally, given their belief report bi , the associated probability of getting the prize was 1−∑4
n=1(σi,n −bi,n)2/2,

where σi,n corresponds to the empirical frequency of action an among the subject’s opponents.
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without feedback,10 (iii) own and opponent’s incentive levels were revealed, (iv) actions and
beliefs were elicited simultaneously, (v) subjects answered a brief questionnaire on sociodemo-
graphics and received payment information. Screenshots of the interface and instructions are
provided in Online Appendix B.

We targeted 100 subjects per treatment, having recruited 834 subjects, with the treatment with
fewer subjects having exactly 100 subjects. Sessions were conducted on 9-10 and 15-17 January
2020 on Amazon Mechanical Turk, constraining potential workers to be adults based in the United
States. The subjects faced no time constraint; the average duration was about 22 minutes and av-
erage earnings $24.97 per hour. Sociodemographic data collected consisted of age, sex, education,
and prior exposure to game theory (see Online Appendix A for details); samples across treatments
were balanced across all sociodemographic variables.

3. Incentives and Strategic Sophistication
We �rst examine if and how incentive levels a�ect observed action sophistication (Hypothesis 1).

Our �rst observation is that subjects do not always play the dominance solution action, a1. From
Table 1 — which exhibits action frequencies and average beliefs for each of the 8 treatments
— one can observe the di�erent treatments entail a wide variation in dominance play, ranging
from 13.0% to 57.3%, more than four times over. Similarly, there is quite signi�cant variation in
dominated play (corresponding to actions a3 and a4 in the 2 Steps game, and action a4 in 3 Steps),
between 6.7% and 16.1%.

We test whether incentive levels a�ected the frequency of dominance and dominated play. We
consider the following speci�cation:

yi =β0 +β1Hi +β2H−i +Controlsi +εi (1)

where Hi is an indicator variables equal to 1 if subject i’s treatment had a high own incentive
level, and H−i an analogous indicator for whether subject i’s opponent had a high incentive level.
Controls refer to the subjects’ age, sex, education, and prior exposure to game theory. In testing
for the e�ects of incentive levels on dominance play, the dependent variable, yi, corresponds to
an indicator equaling 1 if subject i chose the dominance solution action and zero if otherwise. For
testing the e�ect of incentives on dominated play, we take an analogous indicator for whether
10Both were four-action two-player games, one with a strictly dominant action, another with no pure-strategy Nash

equilibrium.
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Incentive Level Action Frequency Mean Belief Reports Obs.
Game Own Opponent a1 a2 a3 a4 b1 b2 b3 b4 N

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
2 Steps High High 0.573 0.272 0.087 0.068 0.330 0.357 0.189 0.124 103
2 Steps High Low 0.519 0.340 0.085 0.057 0.279 0.369 0.201 0.150 106
2 Steps Low High 0.359 0.359 0.146 0.136 0.268 0.317 0.230 0.185 103
2 Steps Low Low 0.343 0.363 0.157 0.137 0.265 0.315 0.238 0.181 102
3 Steps High High 0.144 0.490 0.298 0.067 0.184 0.311 0.363 0.142 104
3 Steps High Low 0.130 0.440 0.360 0.070 0.213 0.259 0.340 0.189 100
3 Steps Low High 0.196 0.330 0.312 0.161 0.219 0.275 0.320 0.186 112
3 Steps Low Low 0.192 0.288 0.365 0.154 0.222 0.270 0.327 0.180 104

Table 1: Action Frequency and Mean Beliefs
Notes: This table shows the action frequency and the mean beliefs by each of the treatments. Each subject
is allocated to a given treatment — a game (2 Steps or 3 Steps), and an incentive level group specifying
the subject’s incentive level (high or low) and their opponent’s incentive level (high or low). Subjects play
only one game and only once.

the subject chose a strictly dominated action. Table 2 summarizes the results.

We �nd that while higher own incentives signi�cantly decreases the frequency of dominated play,
it only increases the frequency of the dominance solution action in the 2 Steps game. Speci�cally,
dominated play decreases in both games — by 14.1 percentage points (pp) in the 2 Steps game
and 9.5 pp in the 3 Steps game (columns (3) and (4)). However, if dominance play increases by
over 20 percentage points (pp) in the 2 Steps game with higher own incentives, it decreases by 6.6
pp in the game taking 3 Steps of iterated deletion of dominated actions. If one understands the
number of steps needed to reach the dominance solution as a measure of how complicated the
game is from a strategic reasoning standpoint, these results suggest that more complex games
require a higher incentive level in order to achieve the same rate of dominance play. A second
observation is that if own incentive levels matter for the frequency of dominance and dominated
play, the opponents’ do not.

We then consider the overall distribution of actions — shown in Figure 3. For each game and
opponent’s incentive level, the distribution of actions is di�erent across own incentive levels
(Wald tests with p-value<.05). For the 2 Steps game, the action distribution is shifted toward more
sophisticated actions in a �rst-order stochastic dominance manner (Mann-Whitney U rank test
p-values <.01) when own incentives are higher. For the 3 Steps game, this is no longer the case:
the decrease in the frequency of action a1 observable in panels (c) and (d) of Figure 3 suggests the
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Dominance Play Dominated Play
(1) (2) (3) (4)

2 Steps 3 Steps 2 Steps 3 Steps
High Own Incent. 0.204∗∗∗ -0.066∗ -0.141∗∗∗ -0.095∗∗∗

(0.048) (0.038) (0.041) (0.032)
High Opp. Incent. 0.013 0.008 0.015 0.004

(0.049) (0.037) (0.040) (0.032)
Controls Yes Yes Yes Yes
R-Squared 0.14 0.05 0.10 0.09
Observations 414 420 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 2: Incentive Level, Dominance and Dominated Play (Hypothesis 1)
Notes: This table shows the results for the regression speci�ed in equation 1, considering as dependent
variable an indicator for whether the subject chose the dominance solution (columns (1) and (2)) or a
strictly dominated action (columns (3) and (4)). High Own/Opponent Incentives correspond to indicators
for whether the subject and their opponent face a high incentive level. 2 Steps and 3 Steps denote the
di�erent games in the experiment (see Figure 2). Controls refer to the subjects’ age, sex, education, and
prior exposure to game theory.

distributions are not ranked in stochastic dominance (Mann-Whitney U rank test p-values >.25).
Still, the distributions are noticeably di�erent,11 less �at and assigning higher probability to a2,
the level-2 action.

In short, we �nd that higher own incentive levels do unambiguously entail a lower frequency of
strictly dominated play, but only increase action sophistication in a stochastic dominance in the
simpler 2 Steps game. This lends partial support for Hypothesis 1a. One would therefore need
that strategic sophistication — described by types in level-k and cognitive hierarchy models —
to depend on the incentive level players face. Against Hypothesis 1b, we �nd no evidence that
opponent’s incentive level a�ects action sophistication.

4. Incentives and Mistakes
One reason that could underlie the change in behavior observed is that with high own incentive
levels mistakes are more costly in terms of payo�s and thus subjects make fewer mistakes. This
11A Fisher exact test con�rms that the distributions are statistically signi�cantly di�erent: p-values for panels (a),

(b), (c), and (d) are, respectively, .023, .017, .055, and .040.
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Figure 3: Incentive Level and Action Frequency
Notes: The panels exhibit the action frequency for high and low own incentive levels, for di�erent games
(2 Steps, (a) and (b), and 3 Steps, (c) and (d)) and holding �xed the opponent’s incentive level (High, (a) and
(c), or Low, (b) and (d)). 2 Steps and 3 Steps denote the di�erent games in the experiment (see Figure 2).

is crux of Hypothesis 2.

We �rst test whether subjects are more or less likely to (i) best respond to their stated beliefs
(subjective best responses), and (ii) best respond to the observed frequency of play (objective best
responses). In Table 3, we report results from estimating a linear probability model using an
analogous speci�cation to that in equation 1. The results show that in fact higher own incentive
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Subjective BR Objective BR
(1) (2) (3) (4)

2 Steps 3 Steps 2 Steps 3 Steps
High Own Incent. 0.219∗∗∗ 0.151∗∗∗ 0.204∗∗∗ 0.042

(0.049) (0.051) (0.048) (0.044)
High Opp. Incent. -0.021 0.027 0.013 -0.195∗∗∗

(0.050) (0.050) (0.049) (0.044)
Controls Yes Yes Yes Yes
R-Squared 0.11 0.06 0.14 0.10
Observations 414 420 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 3: Incentive Level and Best-Response Rate (Hypothesis 2a)
Notes: This table shows the results for the regression speci�ed in equation 1, considering as dependent
variable an indicator for whether the subjects best respond to their beliefs — i.e. chose the action that
maximizes expected payo�s according to their reported beliefs (columns (1) and (2)) — and for if sub-
jects best respond to the empirical frequency of actions of their opponents — i.e. objective best responses
(columns (3) and (4)). High Own/Opponent Incentives correspond to indicators for whether the subject
and their opponent face a high incentive level. 2 Steps and 3 Steps denote the di�erent games in the exper-
iment (see Figure 2). Controls refer to the subjects’ age, sex, education, and prior exposure to game theory.

levels increase the likelihood of subjects best responding to their reported beliefs by 21.9 pp in
the 2 Steps game and 15.1 pp in the 3 Steps game.12 However, own incentive levels only increase
the likelihood of best responding to the empirical frequency of play in the simpler 2 Steps game,
and not in the 3 Steps game.

A fundamental precept of regular quantal response equilibrium is that actions with higher ex-
pected payo� are chosen more often, a property called ‘monotonicity.’ We then assess how incen-
tives a�ect mistake propensity by looking at the distribution of choices based on the subjective
expected payo�. For this, we de�ne the subjective rank of the chosen action to be n if the action
chosen has the n-th highest subjective expected payo� (according to reported beliefs) of all four
actions. In the panels of Figure 4 we display the action frequency by subjective rank.

Subjects indeed choose actions with higher subjective expected payo� more often, but the same
is not true when considering instead objective expected payo�. We note that the actions with
12Best-response rates to stated beliefs in the data are between 40-50% in the low own incentive level treatment and 60-

70% in the high own incentive level treatment — this corresponds to the frequency of the choosing the action with
subjective rank 1 as exhibited in Figure 4. These �gures are comparable to what has been observed in two-player
three-action games, e.g. Costa-Gomes and Weizsäcker (2008) and Rey-Biel (2009).
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Figure 4: Incentive Level and Subjective Mistakes (Hypothesis 2b)
Notes: The di�erent panels exhibit the frequency of the subjective rank of the action chosen by the subject
for high and low own incentive levels, for di�erent games (2 Steps, (a) and (b), and 3 Steps, (c) and (d)) and
holding �xed the opponent’s incentive level (High, (a) and (c), or Low, (b) and (d)). The subjective rank of
an action is n if the action entails the n-th highest subjective expected payo�s according to the reported
beliefs; e.g. actions with subjective rank 1 are those that maximize subjective expected payo�s. 2 Steps
and 3 Steps denote the di�erent games in the experiment (see Figure 2).

higher subjective expected payo� are taken more often than those with lower expected payo� in
all treatments. In contrast, using empirical frequencies and objective expected payo�s to de�ne
an analogous objective rank of chosen actions, there are �agrant violations of monotonicity —
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see Figure 8 in Appendix A.

We further note that not only do higher own incentive levels decrease mistakes — subjective best
response rates increase — but also decrease the severity of mistakes. We note that distribution of
the subjective rank of the action chosen shifts in a �rst-order stochastic dominance sense with
higher own incentive levels regardless of the game and the incentive level of opponents.13 In
sum, we �nd decisive support in favor of Hypothesis 2.

In assessing whether mistakes alone are able to rationalize the data, we �t a logit quantal response
equilibrium to the data. In Appendix A we provide the predicted action frequencies obtained via
maximum likelihood estimation.14 We contrast the estimates with the data as well as with esti-
mates from a subjective logit quantal response model, i.e. a model of logit choice using subjective
expected payo�s. Both in logit quantal response equilibrium and in our subjective logit quantal
response model, the scaling factor a�ecting payo�s is higher with higher own incentive levels,
as expected. While both do well in the 2 Steps game, regardless of whether subjects face, logit
quantal response equilibrium overpredicts action sophistication in the 3 Steps game. Incorpo-
rating subjects’ reported beliefs signi�cantly improves the �t to data: in subjective logit quantal
response, the loglikelihood increases 28%.

5. Incentives, Beliefs, and Strategic Reasoning
In the previous section we observed that, while mistakes are an important channel to explain
how the incentive level changes behavior, subjects’ beliefs are a crucial element in rationalizing
what a mistake is. In this section, we consider Hypothesis 3, that is, if incentive levels directly
a�ect beliefs.

Average belief reports per treatment are depicted in Figure 5. Similarly to what occurred in action
frequencies, while higher own incentives lead to mean beliefs shifting toward assigning greater
sophistication to opponents (in a signi�cant stochastic dominance sense) in the simpler 2 Steps
game, in the more complicated 3 Steps game, beliefs become less uniform when opponents have
high incentives but are indistinguishable when they have low incentives.

Akin to the analysis for action frequencies, we estimate the e�ect of incentive levels on subjects’
13A Mann-Whitney U rank test yields p-values for panels (a), (b), (c), and (d) of, respectively, .002, .001, .013, and

.004.
14Since treatments in which subjects and their opponents have di�erent incentive levels correspond to o�-

equilibrium play, we restrict attention to treatments in which incentive levels are the same.

19



High Opp. Incent. Low Opp. Incent.

2 Steps

a1 a2 a3 a4

Action
0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40
Fr
eq

ue
nc

y

Own Incent.: High Low

1(a)

a1 a2 a3 a4

Action
0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

Fr
eq

ue
nc

y

Own Incent.: High Low

1(b)

3 Steps

a1 a2 a3 a4

Action
0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

Fr
eq

ue
nc

y

Own Incent.: High Low

1(c)

a1 a2 a3 a4

Action
0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

Fr
eq

ue
nc

y

Own Incent.: High Low

1(d)

Figure 5: Incentive Level and Mean Beliefs
Notes: The di�erent panels exhibit the mean reported beliefs for high and low own incentive levels, for
di�erent games (2 Steps, (a) and (b), and 3 Steps, (c) and (d)) and holding �xed the opponent’s incentive
level (High, (a) and (c), or Low, (b) and (d)). 2 Steps and 3 Steps denote the di�erent games in the experiment
(see Figure 2).

implied belief of opponents playing the dominance solution action and of playing a strictly domi-
nated action. Table 4 con�rms that in fact a higher own incentive level entails believing in greater
opponent sophistication. Therefore, we conclude in favor of Hypothesis 3a.

Although the sign of the e�ect of opponent’s incentive level goes in the same direction, the e�ects
are not signi�cant due to lack of statistical power. It is however obvious from Figure 5 that
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Belief Dominance Play Belief Dominated Play
(1) (2) (3) (4)

2 Steps 3 Steps 2 Steps 3 Steps
High Own Incent. 0.035∗∗ -0.021 -0.074∗∗∗ -0.019

(0.016) (0.014) (0.018) (0.013)
High Opp. Incent. 0.020 -0.020 -0.020 -0.016

(0.017) (0.014) (0.018) (0.013)
Controls Yes Yes Yes Yes
R-Squared 0.10 0.06 0.15 0.06
Observations 414 420 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 4: Incentive Level and Belief in Opponent Sophistication (Hypothesis 3a,b)
Notes: This table shows the results for the regression speci�ed in equation 1, considering as dependent
variable the reported belief in dominance play, bi,1, (columns (1) and (2)) or the reported belief in strictly
dominated play, bi,3 + bi,4 in column (3) and bi,4 in column (4). High Own/Opponent Incentives corre-
spond to indicators for whether the subject and their opponent face a high incentive level. 2 Steps and 3
Steps denote the di�erent games in the experiment (see Figure 2). Controls refer to the subjects’ age, sex,
education, and prior exposure to game theory.

the changes in beliefs entailed by a higher own incentive level are more substantial when the
opponent’s incentive level is high. Indeed in the 3 Steps game, when the opponent’s incentive
level is low, there is no statistical di�erence in mean beliefs when varying own incentive levels.
This highlights that higher own incentive levels lead to a higher belief in opponent sophistication
only when the opponent has high incentives as well, lending support to Hypothesis 3b.

We then turn to the question of whether beliefs become more accurate (Hypothesis 3c). In Table
5, we show the results for regressions considering three di�erent types of biases in reported
beliefs with an otherwise identical to before. In columns (1) and (2) we consider the absolute
di�erence between the subject’s belief that their opponent plays the dominance action a1 and the
corresponding observed empirical frequency. Columns (3) and (4) use an analogous measure for
bias but considering the bias in beliefs about strictly dominated play by opponents. The last two
columns, (5) and (6), take for dependent variable the bias in subjective expected payo�s as given
by the L1-norm, i.e. ∑4

n=1 |ui(an,bi)−ui(an,σ−i)|, where ui(an,bi) denotes subject i’s expected
payo� to action an as per their reported beliefs bi, and ui(an,σ−i) the subject’s expected payo� to
the same action but considering the empirical frequency of opponents’ actions σ−i. Throughout
we �nd that when the opponents have higher incentive levels, subjects’ beliefs are more biased,
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|Belief - Opponent Action Frequency| Bias in Subjective
Dominance Play Dominated Play Expected Payo�s
(1) (2) (3) (4) (5) (6)

2 Steps 3 Steps 2 Steps 3 Steps 2 Steps 3 Steps
High Own Incent. 0.005 0.011 -0.040∗∗∗ -0.015 -4.345∗∗∗ 0.558

(0.011) (0.010) (0.011) (0.010) (1.282) (1.403)
High Opp. Incent. 0.037∗∗∗ 0.062∗∗∗ 0.033∗∗∗ 0.021∗∗ 4.222∗∗∗ 9.520∗∗∗

(0.011) (0.009) (0.012) (0.010) (1.277) (1.416)
Controls Yes Yes Yes Yes Yes Yes
R-Squared 0.14 0.14 0.14 0.06 0.17 0.15
Observations 414 420 414 420 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 5: Incentive Level and Belief Accuracy (Hypothesis 3c)
Notes: This table shows the results for the regression speci�ed in equation 1, considering as dependent
variable the absolute di�erence between reported belief in dominance play by opponents and its realized
frequency, |bi,1 −σ−i,1|, (columns (1) and (2)), or the analogous absolute di�erence for strictly dominated
play, |bi,3+bi,4−σ−i,3−σ−i,4| in column (3) and |bi,4−σ−i,4| in column (4). In columns (5) and (6) the depen-
dent variable is the L1-norm of the di�erence between subjective expected payo�s (according to reported
beliefs) and objective expected payo�s (according to observed action frequencies). High Own/Opponent
Incentives correspond to indicators for whether the subject and their opponent face a high incentive level.
2 Steps and 3 Steps denote the di�erent games in the experiment (see Figure 2). Controls refer to the sub-
jects’ age, sex, education, and prior exposure to game theory.

indicating that actions by high incentive opponents are harder to predict. In contrast, the e�ect
of subjects’ own incentive level on belief accuracy is mixed. Own incentives have no detectable
e�ect in the more complicated 3 Steps game, but they do seem to signi�cantly decrease bias in
beliefs both in terms of frequency of dominated play — by 4 percentage points (column (3)) and,
more importantly, in terms of expected payo�s — by 4.35 payo� points (column (5)).

6. Incentives and Response Time
Lastly, we turn to the e�ect of incentive levels on cognitive e�ort as proxied by subjects’ response
time. If subjects face higher own incentive levels, then the marginal value to exerting cognitive
e�ort increases and one would expect a higher response time, as conjectured in Hypothesis 4a.
We test this hypothesis by regressing log response time (in seconds) on incentive level treatments
as before. As the results shown in Table 6 indicate, when own incentive levels are higher, response
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Log(Response Time)
(1) (2)

2 Steps 3 Steps
High Own Incent. 0.478∗∗∗ 0.362∗∗∗

(0.074) (0.082)
High Opp. Incent. 0.077 0.132∗

(0.076) (0.078)
Controls Yes Yes
R-Squared 0.17 0.18
Observations 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 6: Incentive Level and Response Time (Hypothesis 4a)
Notes: This table shows the results for the regression speci�ed in equation 1, considering as dependent
variable the subjects’ log response time (in seconds). High Own/Opponent Incentives correspond to indi-
cators for whether the subject and their opponent face a high incentive level. 2 Steps and 3 Steps denote
the di�erent games in the experiment (see Figure 2). Controls refer to the subjects’ age, sex, education,
and prior exposure to game theory.

times increase by over 40%.

Whether or not this greater cognitive e�ort is valuable is not immediate. We examine whether
response times are associated with (1) the rate of (objective) best responses and (2) the (objective)
expected payo�s as given by the empirical frequency of opponents’ play. Table 7 shows that
longer response times are associated to a higher rate of best responses (columns (1) and (2)) as well
as an increase in expected payo�s (columns (3) and (4)), albeit the elasticity of expected payo�s
to response time is small. In both cases, we control not only for incentive level treatments but
also for individual characteristics such as age, education level, and �eld of education, and prior
exposure to game theory, all of which would be susceptible to a�ect response times. We consider
the �ndings support Hypothesis 4b, although it is important to note that here the e�ects are
measures of association and not causally identi�ed.

We conclude by conducting a descriptive analysis of how actions taken and beliefs reported var-
ied with response time. For actions, we estimated a multinomial logistic model, regressing ac-
tions on response time, incentive treatments, and individual characteristics, and obtained the
�tted conditional distribution with respect to response times by marginalizing over the other
regressors. For beliefs, we relied on nonparametric kernel estimation of the mean beliefs, bi =
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Objective BR Log(Expected Payo�)
(1) (2) (3) (4)

2 Steps 3 Steps 2 Steps 3 Steps
Log(Response Time) 0.131∗∗∗ 0.075∗∗∗ 0.084∗∗∗ 0.065∗∗∗

(0.033) (0.028) (0.020) (0.013)
High Own Incent. 0.142∗∗∗ 0.015 0.080∗∗ 0.040∗

(0.052) (0.044) (0.032) (0.022)
High Opp. Incent. 0.003 -0.205∗∗∗ -0.079∗∗∗ -0.045∗∗

(0.048) (0.043) (0.028) (0.021)
Controls Yes Yes Yes Yes
R-Squared 0.17 0.12 0.16 0.12
Observations 414 420 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 7: Response Time, Best Responses, and Payo�s (Hypothesis 4b)
Notes: This table examines the relation between, on the one hand, log response times (in seconds), and
on the other objective best responses to the empirical frequency of opponents’ actions (columns (1) and
(2)) and log expected payo�s, where expectations are taken also with respect to the empirical frequency
of opponents’ actions (columns (3) and (4)). High Own/Opponent Incentives correspond to indicators
for whether the subject and their opponent face a high incentive level. 2 Steps and 3 Steps denote the
di�erent games in the experiment (see Figure 2). Controls refer to the subjects’ age, sex, education, and
prior exposure to game theory.

(bi,1,bi,2,bi,3,bi,4), conditional on response time. Speci�cally, we �rst estimated the distribution
of beliefs bi conditional on response time, incentive treatments, and individual characteristics.
We then used the estimated conditional distribution to obtain estimates for the expected beliefs
vector conditional on response time, using the mean values for the other covariates. The results
are shown in Figures 6 and 7.15

Our �ndings uncover two patterns in the data. First, that in the simpler 2 Steps game longer
response times are associated with both greater action and belief sophistication. In panel (a)
of Figure 6 we can see that the predicted frequency of dominated actions, a3 and a4, declines
quickly with response time, while a2 (corresponding to the level-1 action) �rst increases and
then declines. Throughout, the frequency of choice of the dominance solution action a1 increases
monotonically in response time. The relation between (mean) reported beliefs and response time,
15In Appendix A, we also provide linear regressions for each action ai,n and belief about a given action bi,n individ-

ually on the same set of covariates con�rming the trends depicted — see Tables 8 and 9.
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Figure 6: Action Frequency and Response Time
Notes: This �gure shows the predicted relation between action frequency and response time (in seconds).
The predictions are given by multinomial logit estimation of the relation between subjects’ choices, on the
one hand, and response time, incentive treatments, and individual characteristics, estimated separately for
each game. The action frequency conditional on response times is given by marginalizing over the other
regressors. 2 Steps and 3 Steps denote the di�erent games in the experiment (see Figure 2). Individual
characteristics refer to the subjects’ age, sex, education, and prior exposure to game theory.

shown in panel (a) of Figure 7 also indicates that longer decisions are associated with a lower belief
in opponents choosing dominated actions. However, belief in both the level-1 action (a2) and the
dominance solution (level-2 action, a1) for longer response times.

Second, in the 3 Steps game, we observe analogous patterns between actions and beliefs that
correspond to the same level of sophistication. As it is possible to observe in panel (b) of Figure 6,
the frequency of dominated actions decreases for longer response times, similarly to what occurs
in panel (a). Moreover, the relation between choice frequency of a2 and a3 and response time in
the 3 Steps game are strikingly similar to those of actions a1 and a2, corresponding to the level-2
and level 1 actions in each game, respectively. Similarly to the patterns in the 2 Steps game, the
frequency of the level 1 action (a3 in 3 Steps, a2 in 2 Steps) declines slowly, while the level-2
action (a2 in 3 Steps, a1 in 2 Steps) is predicted to be chosen with overwhelming frequency when
choices take longer. The choice frequency of the dominance solution is, however, rather invariant
with respect to response time, remaining low. Beliefs follow similar patterns (Figure 7b): belief
in opponent dominated play is lower and belief in both level 1 and level 2 play is higher at later
response times. Again a notable di�erence is that in the 3 Steps game belief in dominance play
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Figure 7: Beliefs and Response Time
Notes: This �gure shows the predicted relation between mean beliefs and response time (in seconds). The
predictions are given by kernel estimation of the relation between subjects’ choices, on the one hand, and
response time, incentive treatments, and individual characteristics, estimated separately for each game.
The expected beliefs conditional on response times is obtained by using the estimated joint conditional
probability distribution over a grid on the simplex ∆(A i) and marginalizing over covariates other than
response times. 2 Steps and 3 Steps denote the di�erent games in the experiment (see Figure 2). Individual
characteristics refer to the subjects’ age, sex, education, and prior exposure to game theory.

— which corresponds to the level 3 action a1 — is lower for longer response times.

In short, the level 1 action are the more frequent in fast decisions, being the intuitive choice
(maximizing expected payo� against a uniform distribution), and their frequency declines in favor
of level 2 action, while dominated choices also decline with response time. Relatedly, fast choices
are associated to beliefs being closer to uniform — supporting level 1 actions as a best response
— and over time belief in dominated play by opponents declines while belief in both level 1 and
2 play increases.

The estimation exercise together with the relation between incentive levels and response time
points toward a consistent mechanism: higher own incentive levels entail higher cognitive e�ort,
proxied by longer response times, which results in both more strategically sophisticated beliefs
and actions. This lends support to the intuition that the changes in beliefs and the increase
in action sophistication are, at least in part, resulting from greater e�ort being exerted by the
subjects, as suggested by models of sequential reasoning (e.g. Alaoui and Penta, 2016; Gonçalves,
2022), in which players decide whether or not to reason further based on a cost-bene�t analysis.
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7. Conclusion
This paper provides well-identi�ed evidence that incentive levels a�ect behavior in strategic set-
tings. Own incentives are crucial in determining mistake propensity and inducing greater cogni-
tive e�ort, which in turn translates into more accurate beliefs. Beliefs change toward assigning
greater sophistication and better predictions of opponent behavior in simple environments, but
for more complex environments the di�erences are minor. While this could suggest that one
possibility is that subjects have e�ective bounds on their ability to reason further, it may also
plausibly indicate that to promote similar changes in strategic sophistication sharper increases
in incentives are needed in more complex environments than in simpler ones.

Although to a lesser degree, behavior also reacts to opponents’ incentive levels. For instance,
higher incentives only a�ect beliefs about opponents’ behavior if they also have high incentives.
Additionally, reported beliefs both track changes in opponents’ choices when opponents’ incen-
tive level increases and become more biased, denoting that high incentives entail the loss of
predictability that noisier (more uniform) behavior confers.

Overall, the greater the incentives, the more the e�ort exerted, as proxied by response times,
which is seen to be related with both greater strategic sophistication of choices and of reported
beliefs. Fast response times are associated with beliefs closer to being uniform and to higher
frequencies of level 1 actions, while slow response times to beliefs assigning lower probability to
dominated play and greater probability to levels 1 and 2 actions as well as being associated with
to higher frequency of level 2 choices.

In summary, both payo�-dependent mistakes and exerted cognitive e�ort (expressed through
response times) seem to be important channels to explain how strategic behavior is a�ected by
incentive levels. Furthermore, the e�ect of increasing incentive levels from low to higher on
strategic behavior seems to be more pronounced for simpler environments. Naturally, were our
low incentive treatments already enough high-powered, we expect that increasing them further
would instead result in more signi�cant e�ects on less simple environments.

We hope that these insights open exciting new avenues for research. We �nd two possibilities
particularly interesting. First, we believe it is important to explore the limits of incentives in fos-
tering greater strategic sophistication and how this relates to environment complexity. If, on the
one hand, there is naturally a limit to what one can achieve in thinking about others’ behavior
through introspection alone, on the other hand such a limit is surely dependent (or informa-
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tive about) the environment’s degree of complexity. This would also be informative of what
constitutes a simple environment, which is of interest for the purpose of designing successful
mechanisms. Second, since response times are crucially related to other dimensions of behavior
in strategic settings, we consider their study a primary issue. Not only are response times of-
ten cheap to collect, they are often reliable indicators of strategic behavior. Further developing
game theoretic models and applications that incorporate response times could signi�cantly ex-
pand our understanding of observed strategic behavior. Similarly, producing more exploratory
experiments to establish basic patterns on how response times relate to behavior and features of
the environment is certainly also crucial in guiding theory.
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Appendix A. Supporting Tables and Figures

High Opp. Incent. Low Opp. Incent.

2 Steps

1 2 3 4
Objective Rank of Chosen Action

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Fr
eq

ue
nc

y

Own Incent.: High Low

1(a)

1 2 3 4
Objective Rank of Chosen Action

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Fr
eq

ue
nc

y
Own Incent.: High Low

1(b)

3 Steps

1 2 3 4
Objective Rank of Chosen Action

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Fr
eq

ue
nc

y

Own Incent.: High Low

1(c)

1 2 3 4
Objective Rank of Chosen Action

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Fr
eq

ue
nc

y

Own Incent.: High Low

1(d)

Figure 8: Incentive Level and Objective Mistakes (Hypothesis 2b)
Notes: The di�erent panels exhibit the frequency of the objective rank of the action chosen by the subject
for high and low own incentive levels, for di�erent games (2 Steps, (a) and (b), and 3 Steps, (c) and (d)) and
holding �xed the opponent’s incentive level (High, (a) and (c), or Low, (b) and (d)). The objective rank of
an action is n if the action entails the n-th highest objective expected payo�s according to the observed
action frequency; e.g. actions with objective rank 1 are those that maximize (objective) expected payo�s.
2 Steps and 3 Steps denote the di�erent games in the experiment (see Figure 2).
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a1 a2 a3 a4

(1) (2) (3) (4) (5) (6) (7) (8)
2 Steps 3 Steps 2 Steps 3 Steps 2 Steps 3 Steps 2 Steps 3 Steps

Log(Response Time) 0.131∗∗∗ 0.024 -0.021 0.131∗∗∗ -0.053∗∗ -0.083∗∗∗ -0.057∗∗∗ -0.072∗∗∗

(0.033) (0.025) (0.032) (0.029) (0.022) (0.028) (0.021) (0.020)
High Own Incent. 0.140∗∗∗ -0.072∗ -0.050 0.110∗∗ -0.041 0.030 -0.048 -0.068∗∗

(0.052) (0.039) (0.050) (0.050) (0.033) (0.047) (0.032) (0.032)
High Opp. Incent. 0.004 0.005 -0.028 0.029 0.004 -0.047 0.020 0.013

(0.048) (0.038) (0.048) (0.048) (0.032) (0.046) (0.028) (0.032)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
R-Squared 0.17 0.05 0.07 0.13 0.08 0.10 0.08 0.12
Observations 414 420 414 420 414 420 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 8: Action Frequency and Response Time
Notes: This table shows the results for the association between choice of a particular action an and re-
sponse time (in seconds) and incentive level treatments, controlling for individual characteristics. Di�erent
columns refer to linear probability models relating the choice of an action in a game (2 Steps in columns
(1), (3), (5), and (7); 3 Steps in columns (2), (4), (6), and (8)). Errors across regressions are correlated by
construction and the table is to be taken as describing measures of association supporting the patterns de-
scribed in Figure 6. High Own/Opponent Incentives correspond to indicators for whether the subject and
their opponent face a high incentive level. 2 Steps and 3 Steps denote the di�erent games in the experiment
(see Figure 2). Controls refer to the subjects’ age, sex, education, and prior exposure to game theory.
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b1 b2 b3 b4

(1) (2) (3) (4) (5) (6) (7) (8)
2 Steps 3 Steps 2 Steps 3 Steps 2 Steps 3 Steps 2 Steps 3 Steps

Log(Response Time) 0.049∗∗∗ -0.022∗∗ 0.054∗∗∗ 0.019∗∗∗ -0.045∗∗∗ 0.056∗∗∗ -0.057∗∗∗ -0.053∗∗∗

(0.010) (0.009) (0.010) (0.007) (0.008) (0.011) (0.006) (0.008)
High Own Incent. 0.013 -0.013 0.014 0.007 -0.010 0.005 -0.017 0.001

(0.016) (0.014) (0.016) (0.011) (0.012) (0.018) (0.011) (0.012)
High Opp. Incent. 0.015 -0.017 -0.004 0.030∗∗∗ -0.004 -0.004 -0.007 -0.010

(0.016) (0.014) (0.016) (0.011) (0.012) (0.018) (0.010) (0.012)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
R-Squared 0.14 0.07 0.16 0.08 0.19 0.11 0.25 0.16
Observations 414 420 414 420 414 420 414 420
Heteroskedasticity-robust standard errors in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 9: Beliefs and Response Time
Notes: This table shows the results for the association between belief bn in opponents choosing a partic-
ular action an and response time (in seconds) and incentive level treatments, controlling for individual
characteristics. Di�erent columns refer to linear regressions relating the reported beliefs referring to a
particular action in a given game (2 Steps in columns (1), (3), (5), and (7); 3 Steps in columns (2), (4), (6),
and (8)). Errors across regressions are correlated by construction and the table is to be taken as describing
measures of association supporting the patterns described in Figure 7. High Own/Opponent Incentives
correspond to indicators for whether the subject and their opponent face a high incentive level. 2 Steps
and 3 Steps denote the di�erent games in the experiment (see Figure 2). Controls refer to the subjects’ age,
sex, education, and prior exposure to game theory.
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Figure 9: Logit Quantal Response Equilibrium: Maximum Likelihood Estimation
Notes: The di�erent �gure displays the empirical frequency of choices in the data (blue), the predicted
choice frequencies obtain via maximum likelihood estimation of logit quantal response equilibrium (green),
and the predicted choice frequencies obtain via maximum likelihood estimation of subjective logit quantal
response (red). Subjective logit quantal response corresponds to logistic multinomial regression using
subjective expected payo�s according to subjects’ reported beliefs. Di�erent panels correspond to di�erent
incentive levels (High, (a) and (c), and Low, (b) and (d)) and to di�erent games (2 Steps, (a) and (b), and
3 Steps, (c) and (d)). We restrict observations to cases in which own and opponents’ incentive levels are
the same, since cases for which they do not match would correspond to o�-equilibrium play. 2 Steps
and 3 Steps denote the di�erent games in the experiment (see Figure 2). Asymptotically consistent 95%
con�dence intervals obtained through bootstrapping with 10,000 replications are given for logit quantal
response equilibrium choice frequencies (green whiskers) and for subjective logit quantal response (red
whiskers).
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Online Appendix A. Additional Tables and Figures

A.1. Sample Characteristics

The questionnaire asked basic demographic information: age, sex, education level, education
�eld, and prior exposure to game theory. Subjects’ age ranged from 20 to 73 years olds, with an
average of about 37 years and standard deviation of about 11 years with the distribution being
right-skewed; 44.36% of the subjects identi�ed themselves as women and 55.64% as men. Reported
education ISCED levels are presented in Table 10, and education �elds in Table 11. 81% of the
subjects claimed to have no prior exposure to game theory, 11.15% had been exposed to game
theory but outside an academic environment, and 7.89% had had formal training in game theory.
We veri�ed that the samples across treatments were balanced by relying on t-tests for means
(age) and Fished-exact tests of independence (sex, education, and exposure to game theory).

Education Level
ISCED Level ≤2 3 4 5 6 7 8
Count 8 107 43 228 352 93 3

Table 10: Subjects per Education ISCED Level
Notes: ISCED levels are as follows: ≤2: Incomplete high school or less; 3: High school; 4: Business, techni-
cal, or vocational school after high school; 5: Some college or university quali�cation, but not a bachelor,
6: Bachelor or equivalent; 7: Master or post-graduate training; 8: Ph.D.
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Education Field Count
Agriculture, Forestry, Fisheries and Veterinary 6
Arts and Humanities 128
Business, Administration and Law 146
Computer Science, Information and Communication Technologies 130
Economics 29
Education 42
Engineering, Manufacturing and Construction 34
Generic 107
Health and Welfare 54
Mathematics and Statistics 21
Natural Sciences 44
Services (Transport, Hygiene and Health, Security and Other) 39
Social Sciences and Journalism 54

Table 11: Subjects per Education Field
Notes: This classi�cation corresponds to ISCED �eld education classi�cation, to which economics was
added as a separate category.

Online Appendix B. Instructions and Interface
Below we reproduce screenshots with the instructions, practice rounds, the only main (incen-
tivized) round, and the �nal questionnaire.

Instructions
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Captchas

Practice Rounds
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Main Task
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Questionnaire
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Payment
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