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Abstract

This paper studies theoretically and experimentally

how the possibility of a negative payoff to one player in

2-by-2 hawk-dove games affects the strategic behav-

ior of both players. Exposing column players to a

possibility of negative payoff allows us to examine if

row players can anticipate the column players' loss

aversion. A level-k model with loss averse agents

predicts treatment effects across two versions of

hawk-dove games with and without losses. Our data

support a direct effect of loss aversion and fail to

support the anticipation of loss aversion. Specifi-

cally, the column players in the treatment group are

more likely to play Dove when they face losses;

while, only few untreated participants acting as row

players seem to anticipate such increased propensity

of choosing Dove by their opponents. Further, a

time effect is documented and found to be explained

by increases in participants' depths of strategic

reasoning over time.
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1 | INTRODUCTION

The preference of people to avoid losses over acquiring equivalent gains, in short, loss
aversion, has been observed in a variety of non-strategic settings (Abeler et al., 2011;
Crawford & Meng, 2011; Kahneman et al., 1990; Knetsch, 1989; List, 2003, 2004; Tversky &
Kahneman, 1991).1 The main objective of this paper is to test whether individuals change
their strategic behavior consistent with loss aversion and whether individuals anticipate
their opponent's loss aversion. While previous studies have focused on testing whether indi-
viduals can factor the effects of their own loss aversion into their decision-making (Imas
et al. 2017; Loewenstein & Adler, 1995), the anticipation of the loss aversion of others has
thus far not been extensively studied.

Nonequilibrium level-k models (e.g., Anbarcı et al., 2018; Bacharach & Stahl, 2000;
Crawford & Iriberri 2007) assume that players have different depths of strategic reasoning
and higher-level players respond optimally to lower-level players. Therefore, a level-k model
is a natural fit to distinguish between individuals changing their behavior in response to
changes in their payoffs or their opponent's payoffs. We model the behavior of a level-1 (L1
hereafter) and level-2 (L2 hereafter) player in a hawk-dove game where the L1 player
responds optimally to a randomly playing L0 player, and an L2 player responds optimally to
the L1 player. As a result, L1 players only consider their payoff. L2 players consider their
own payoff and their opponent's payoff and the L2 players are the only type that can antici-
pate the other's loss aversion.

The two anti-coordination games used in the experiment are the standard hawk-dove
game and an asymmetric variation. Compared to the standard game with symmetric payoffs
for row and column players, the new variant subtracts a constant from the payoff matrix of
column players without changing the payoff matrix of row players. In games with asymmet-
ric payoffs, column players have outcomes that could be interpreted as losses with respect
to a fixed reference of zero payoff (Kahneman & Tversky, 1979). This effect does not apply
to row players since their payoffs do not change. Therefore, loss aversion does not impact
all players equally. This provides a suitable environment where the effects of a player's own
loss aversion and the anticipation of the opponent's loss aversion on the player's behavior
can be separated.

Further, to distinguish strategic reasoning from learning and experience, we use a “no
feedback” experimental design. In this design, participants only learn their opponent's
choices after all 10 choices are made. Therefore, their anticipatory behavior cannot be
attributed to learning from experience. The level-k model with loss averse agents provides
predictions on the directional change in column players' choice (referred to as the direct
effect of loss aversion) and that of row players (referred to as the indirect effect of loss aver-
sion) across two anti-coordination games.

We find support for the direct effect of loss aversion and fail to find support for the indi-
rect effect of loss aversion. That is, column players are more likely to choose Dove when their
payoff can be negative than when they face only positive payoffs, especially when the inter-
pretation of outcomes as losses occurs merely due to framing (since, by design, the negative
payoff is fully compensated by the initial endowment in that treatment). In addition, row
players are less likely to choose Dove when the column player faces potentially real losses

1Some papers have shown that the effects consistent with loss aversion disappear or become weaker with experience
(List 2003, 2004).
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than framed losses, which suggests that row players may only consider the column player's
loss aversion in the presence of real losses. However, the latter effect is not robust to different
regression specifications.

Our estimates of the structural parameters in the level-k model explain the treatment effect
between symmetric and asymmetric games. We find that most participants are more likely to
be L1 players than L2 players, and thus only a minority of row players anticipate the column
players' loss aversion. We also find a time effect that can be explained by gaining experience
with the game. Participants are more likely to act like L2 players and thus anticipate their
opponents' behavior in the later parts of the experimental sessions than in the earlier ones.
This explains why we find a larger direct effect of loss aversion from column players when
the asymmetric game was played before the symmetric one as compared to when the
games were played in the reverse order. This also explains why we find a larger indirect
effect of loss aversion from row players when the asymmetric game was played after the
symmetric game than when the games were played in the reverse order. The structural
model also reveals that the estimated loss aversion parameter is lower for the column
players than for the row players, suggesting that (column) players' own loss aversion is
lower than the loss aversion anticipated by their opponents (row players).

The experiments in the current paper are novel as they separate the direct effect from
the indirect effect of loss aversion, where players adjust their behavior in anticipation of
how loss aversion directly impacts their opponents. Furthermore, since the degree to which
such a potential indirect effect of loss aversion can be empirically observed depends on the
interaction of players' depths of strategic reasoning with their individual first-order beliefs,
a level-k model is an elegant and appropriate tool to model the observed experimental data.
To the best of our knowledge, the current paper is the first attempt to investigate whether
individuals in strategic settings can anticipate a change in the behavior of their opponents
consistent with loss aversion. Our experimental evidence and structural model support the
explanatory power of the level-k nonequilibrium analysis.

2 | THEORY

2.1 | Choice of games

Manipulating the payoffs serves various purposes in the experimental game theory
literature in general and the loss aversion literature specifically. Cachon and Camerer
(1996) and Rydval and Ortmann (2005) study the effect of loss aversion on equilibrium
selection in games of multiple Pareto-ranked equilibria. Most relevant to our study,
Feltovich (2011) and Feltovich et al. (2012) employ different payoff tables with and with-
out losses to study the effect of loss aversion on equilibrium strategies. Departing from
these studies, we manipulate the game payoff for only one player (asymmetric game)
instead of all players (symmetric game) to study the effect of loss aversion on players'
strategies.

Specifically, two anti-coordination games are employed to discriminate between L1 and
L2 strategic reasoning, which are formally presented in Table 1: one is a hawk-dove game
with symmetric payoffs for row and column players (e.g., Feltovich, 2011). The other game
is designed by subtracting 40 nominal points for the column players in the symmetric
game such that they face the possibility of a negative payoff. We use the term symmetric
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and asymmetric hawk-dove games to refer to these two games. Below, we explain the design
choices for our study.

First, hawk-dove games have an advantage in detecting the effect of loss aversion and
the effect of the anticipation of the opponent's loss aversion over most other games where
pure strategies are strategic complements. A pure strategy becomes more attractive in games
of strategic complements as the likelihood of other players choosing it increases.2 Thus, it is
difficult to disentangle whether a strategy is chosen due to a player's preference for that
strategy or a player's belief that their opponent will choose that strategy. In hawk-dove
games, any two strategies are strategic substitutes, and a strategy becomes less attractive as
the likelihood of an opponent choosing it increases. Within the class of games in which pure
strategies are strategic substitutes, hawk-dove games have an advantage over constant-sum
games with only a mixed strategy equilibrium such as the matching pennies game, as there
are two pure strategy equilibria in hawk-dove games.3 These pure strategies make hawk-
dove games less demanding for participants playing equilibria than games of only mixed
strategy equilibrium.

Second, inducing a potential loss for only one player enables us to distinguish between the
direct effect of loss aversion (of L1 players in the level-kmodel) and the anticipation of loss aver-
sion (of L2 players in the level-kmodel). In a game with potential losses for both players (such as
Feltovich, 2011), any difference in players' behavior from a game without losses can be sourced
from either their own loss aversion or their belief about the opponent's behavior or both. There-
fore, it does not provide a clean environment to disentangle the effect of loss aversion and the
anticipation of loss aversion. In our experiments, we use a game where only one player has poten-
tial losses. Any change in the behavior of a player who is not affected by the payoff transformation
can thus be attributed to a change in the player's beliefs about their opponent. Therefore, manipu-
lating the payoff of one provides us with a clean test of the anticipation of loss aversion.

2.2 | A level-k model with loss aversion

As discussed above, a level-k model is the most suitable theory to capture the anticipation of
loss aversion. In this section, we explain the details of a model that combines the influence of

TABLE 1 Two versions of anti-coordination game

Panel A hawk-dove game with
symmetric payoff

Panel B hawk-dove game with
asymmetric payoff

Column player Column player

Dove Hawk Dove Hawk

Row player Dove (160, 160) (80, 200) (160, 120) (80, 160)

Hawk (200, 80) (20, 20) (200, 40) (20, �20)

2For example, there are two pure strategies Nash equilibria in a stag-hunt game: (Cooperate, Cooperate) and (Defect,
Defect). The attractiveness of choosing “Cooperate/Defect” increases if the likelihood of the opponent choosing
“Cooperate/Defect” increases. See Feltovich (2011).
3The Matching Pennies game has been widely used to test predictions based on mixed strategy Nash equilibria, for
example, Mookerjee and Sopher (1994) and Ochs (1995).
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nonequilibrium level-k strategic reasoning (Crawford & Iriberri, 2007) and loss averse agents
(Kahneman & Tversky, 1979), referred to as KT agents.4,5

We consider the utility of loss averse KT agents who have zero as the reference point. If the
payoff is above zero, the utility is assumed to equal the payoff; and if the payoff is below zero,
the utility equals the payoff scaled by a factor η. The parameter η≥ 1 captures loss aversion such
that η>1 indicates loss aversion and η¼ 1 indicates no loss aversion.6 For instance, when both
players choose Hawk in the asymmetric hawk-dove game, the utility of the column player is
assumed to be �20η and the utility of the row player is assumed to be 20.

Next, we describe the types of players in the level-k model, in which players have different
depths of strategic reasoning. Each player is one of three types: L0, L1, or L2, where type Lk for
k>0 anchors their beliefs in type L(k � 1) and chooses actions via iterated best responses. L2
best responds to L1, and L1 best responds to L0. Because only two actions are available in
hawk-dove games, any L3 or higher-level player is not distinguishable from either L1 or L2,
and therefore only L1 and L2 types are considered here. In addition, the population of L1
players is assumed to be ρ and the rest of the population 1�ρð Þ is assumed to be L2 players.
Consistent with Crawford and Iriberri (2007), we make the following assumptions: (a) the
anchoring type L0 exists only in the minds of higher-level players as the starting point of
their strategic reasoning7; (b) the L0 player is payoff-insensitive. This implies that in the asym-
metric hawk-dove games, the probability of L0 choosing Dove is the same across column and
row players.

Given these assumptions, the best responses for L1 players are derived as follows. When they
believe that the L0 player chooses Dove with the probability p0, an L1 player will choose Dove
when their utility of choosing Dove exceeds their utility of choosing Hawk (UDove >UHawk).
The difference in the expected utility of playing Dove and Hawk depends on the game and
player role. In particular, the expected utility of playing Dove and Hawk is 160p0þ80 1�p0ð Þ
and 200p0þ20 1�p0ð Þ respectively in symmetric games for both players, and thus the difference
in utility between playing Dove and playing Hawk is ΔSYM

i � row,colf g ¼�100p0þ60. In asymmetric
games, the difference in utility for a row player (ΔASY

row ), who never experiences a negative pay-
off, is still �100p0þ60. However, for a column player, the difference in utility ΔASY

col equals
120p0þ40 1�p0ð Þ�160p0þ20η 1�p0ð Þ¼� 80þ20ηð Þp0 + 40+ 20 η where η≥ 1. Therefore, the

4K}oszegi and Rabin (2006) proposed an alternative model of loss aversion, which considers endogenous reference point,
that is, players' expected payoff. It has been successful in explaining certain anomalies (Abeler et al., 2011; Banerji &
Gupta, 2014; Crawford & Meng, 2011; Ericson & Fuster, 2011; Lange & Ratan, 2010), but it is unhelpful in our games.
This is because for agents with an endogenous reference point, only payoff differences between the two strategies and
not the absolute level of payoffs matters. In particular, when the payoffs of a column player in the asymmetric game are
deducted by 40 points from those in the symmetric game, the expected payoff from playing Dove and Hawk is also
reduced by 40 points, and then the differences in the utility for either action departing from the reference point remain
unchanged. Therefore, no change is expected in the column player's behavior between these two games.
5The recent development on the model of level-k thinking by Alaoui and Penta (2015) consider the case that the depth
of reasoning is endogenous, and it is a function of the player's cognitive abilities and his payoffs. In the estimation of
our level-k model, we find that the probability of a player being a L2 player is higher if they played games in the second
block of 10 rounds, irrespective of symmetric game or asymmetric game (which could have a lower payoff than in
symmetric game) and irrespective of player role.
6Note that we defined η≥ 1 as opposed to η>1. This is because empirically whether an individual is loss averse or not is
unknown beforehand. In our structural estimation, we include a constraint that η≥ 0, which allows for the unlikely
case that a participant behaves as if they are gain averse (0≤ η<1).
7This assumption deals with the identification issue econometrically. This is because the population parameter of L0 is
jointly determined with the players' actions in the log-likelihood function.
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condition UDove >UHawk can be simplified to be p0 < 0:6 in symmetric games and
p0 < ηþ2ð Þ= ηþ4ð Þ in asymmetric games with a potential loss.8

The best response for L2 players is now easy to derive from the choices of L1 players.
The only difference is that the utility function is a function of the L1 players' probability of
playing Dove p1�t, where the subscript �t indicates the opposite playing role. When t refers to
row players, �t indicates column players and vice versa. Due to the nature of the anti-coordination
game, L2 players choose Dove as opposed to Hawk if p0 < 0:6 for the symmetric game. In addition,
given that row players do not experience losses in the asymmetric game, the L2 column players in
the asymmetric game will also play Dove if p0 < 0:6. Lastly, the L2 row players in the asymmetric
game play Dove if they believe that p0 < ηþ2ð Þ= ηþ4ð Þ. The latter condition implies that the L2
row players anticipate the loss aversion of L1 column players and play Hawk under the same
condition.

In summary, two types of players are expected to behave differently across the symmetric
game and the asymmetric game. The L1 column players play Hawk in the symmetric game and
Dove in the asymmetric game if 0:6< p0 < ηþ2ð Þ= ηþ4ð Þ. The L2 row players play Dove in the
symmetric game and Hawk in the asymmetric game if 0:6< p0 < ηþ2ð Þ= ηþ4ð Þ. This means
that we have a different prediction for the average treatment effect for column and row players
and the strength of the treatment effects depends on the number of L1 versus L2 players and
their prior belief about the L0 player.

TABLE 2 Description of experiments

Panel A games used in experiments

Game name Payoffs of game played Endowmentsa

SYMMETRIC Symmetric hawk-dove game defined in Table 1 (0, 0)

REAL Asymmetric hawk-dove game defined in Table 1 (0, 0)

FRAMED Asymmetric hawk-dove game defined in Table 1 (0, 40)

Panel B experimental sessions

Treatment
abbreviation Description

Num.
participants

SR Game SYMMETRIC is played for 10 rounds, and then REAL is played
for 10 rounds

40

RS Game REAL is played for 10 rounds, and then SYMMETRIC is played
for 10 rounds

44

SF Game SYMMETRIC is played for 10 rounds and then FRAMED is
played for 10 rounds

40

FS Game FRAMED is played for 10 rounds and then SYMMETRIC is
played for 10 rounds

40

SRR The first 20 rounds are the same as Treatment SR and then followed by
10 rounds of game REAL with roles of players switched.

42

aThe numbers indicate the initial endowments in laboratory dollars awarded to the row player and the column player,
respectively. Both players were aware of initial endowments.

8Similar to Crawford and Iriberri (2007), we ruled out knife-edge conditions that make L1 players indifferent between
Dove and Hawk, that is, L1 players' probability of choosing Dove does not equal 0.6 or ηþ2ð Þ= ηþ4ð Þ.
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2.3 | Hypotheses

Based on the proposed level-k model with KT agents, our hypotheses are listed below:
Prediction 1: The frequency of column players choosing Dove in the asymmetric game is

higher than in the symmetric game. This is the direct effect of loss aversion.
Prediction 2: The frequency of the row player choosing Dove in the asymmetric game is

lower than in the symmetric game. This is the indirect effect of loss aversion or the effect of the
anticipation of loss aversion.

It is noted that the Nash equilibrium, as the classical equilibrium theory, is expected to
have little explanatory power in our experiments as we adopt a “no feedback” design
(explained shortly) which prohibits the participants from adapting their strategy to the
opponents' behavior.9 Even if it does, it predicts different equilibria between the game with
symmetric and asymmetric payoffs in the presence of loss averse agents for the row players
and it predicts that column players do not change behavior across games. The reasoning is
that the column player's equilibrium strategy is such that row players are indifferent
between Dove and Hawk. As row players' payoffs do not change across games, the column
players' equilibrium strategy remains the same. As a result, the level-k nonequilibrium anal-
ysis differs from the Nash equilibrium analysis. See Appendix A for further details. To sum
up, only the level-k model with KT agents would predict the opposing treatment effect of
two player roles as laid out above.

3 | THE EXPERIMENTAL DESIGN

Experiments were conducted at the Monash Laboratory for Experimental Economics
(MonLEE) at Monash University. The participants were undergraduate students from various
disciplines (at least half of whom have not taken any economics class before) with balanced
gender (58% male vs. 42% female). Two sessions per treatment were conducted with the total
number of 206 participants listed in Table 2. Details are provided below.

3.1 | Games: SYMMETRIC, REAL, and FRAMED

To study loss aversion in a strategic environment and test whether level-k theory has the
predictive power, we designed the following experiments. Our experimental design involves
the following games: SYMMETRIC, REAL, and FRAMED. Both REAL and FRAMED are
the anti-coordination game with asymmetric payoffs (Panel B, Table 1), and they differ in
endowment provided to players (Panel A, Table 2).

What is the rationale for games FRAMED and REAL? As risk attitude can play a role
in determining how players behave in hawk-dove games, any differences between the
SYMMETRIC and REAL games could arise due to wealth effect. That is, once payoffs are

9To see this, consider the situation where feedback is provided, the column player can view the row player's choice and
consequently adjust their own behavior. Once the row player adjusts their behavior due to loss aversion (the indirect
effect of loss aversion) and chooses Hawk more often in asymmetric games than in symmetric games, column player
needs to make adjustment accordingly. Then the attractiveness of Dove due to the direct effect of loss aversion will be
reinforced for column player. In the long term, with feedback provided, there is a chance that column players behave
more in line with what the Nash equilibrium predicts.
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deducted, the expected payoff of the column player is reduced, and increased risk aversion could
be the driver behind any observed increase in Dove choices.10 To address this, we carried out the
FRAMED-loss games and compensated column players for the deducted payoffs with an initial
endowment so that the total payoffs were the same for SYMMETRIC and FRAMED-loss games.
Differences between the SYMMETRIC and FRAMED-loss games provided stronger evidence for
loss aversion than differences between the SYMMETRIC and REAL-loss games since wealth
effect can be ruled out in the former comparison.

This also has implications for another effect on the column players. While partici-
pants might react to framed losses in the same way as they react to real losses, it is not
obvious whether their opponents would anticipate this and adjust their behavior accord-
ingly. Any differences in the behavior of opponents whose payoffs were not transformed
across the games with framed and real losses would indicate differences in anticipation.
Thus, the three games SYMMETRIC, FRAMED, and REAL provided a rich template for
systematic investigation of the direct and indirect effects across framed and real loss
environments.

3.2 | Treatments: SR, RS, SF, FS, and SRR

3.2.1 | Sequence of the sessions

The exact sequence of events in a treatment session of SR, RS, SF, and FS was:

1. The initial printed instructions were provided and read aloud by an experimenter. Partici-
pants interacted with a computer interface using the z-Tree software (Fischbacher, 2007)
for the rest of the experiment. See Appendix B for both printed instructions and computer
snapshots.

2. A quiz was administered to assess how well participants comprehended the instructions. If
incorrect responses were detected, the experimenter(s) discussed correct responses before
participants were allowed to proceed to the next stage.

3. Participants practiced playing two rounds of a game which is a transformation from our
symmetric game by subtracting 40 nominal points from the payoffs and experienced how
outcomes would be revealed in the actual experiment. The practice rounds had no payoff
consequences.

4. Participants played a SYMMETRIC (REAL or FRAMED) game for 10 rounds with game
outcomes revealed at the end of the 10th round; and then a game REAL or FRAMED
(SYMMETRIC) for another 10 rounds with the game outcome of the recent 10 rounds
revealed at the end.

5. Participants responded to a set of demographic questions (Feltovich & Grossman, 2015).
6. Participants undertook a lottery selection task (Eckel & Grossman, 2008). This was adminis-

tered to elicit their risk preferences, discussed in Section 4.1.2.
7. Three rounds were randomly selected out of 10 rounds for each game for payments. One of

the six lotteries was also randomly selected for payments.

10We follow the common assumption that participants have decreasing absolute risk aversion, and therefore they are
more risk averse as wealth decreases. For example, a recent study by Bayona and Peia (2020) has found experimental
evidence which is consistent with this assumption.
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8. Final earnings were determined by the outcomes in the randomly selected six rounds,
show-up fee (AUD 4), quiz completion fee (AUD 4), and outcomes from the lottery selection
task. Payments were paid privately to participants.11

To explore whether a participant's exposure to the games of asymmetric payoffs as row player or
column player had a systematic effect on behavior in the following 10 rounds, we designed the SRR
treatment. The first 20 rounds of the SRR experimental sessions are the same as the SR treatment
and the same sequence of 1-4 was conducted. Then, participants were asked to play another 10 rounds
of the REAL game in which the roles of players were alternated. For example, a participant who was
assigned as the role of row player in rounds 11–20 would be playing the role of column player in
rounds 21–30. After 30 rounds were over, the game outcome of rounds 21–30 was revealed before
participants proceeded with the demographics questionnaire, lottery task and payment (items 5-8 in
the sequence list).12 Appendix D shows we fail to find that experience improves the chance for people
to anticipate the loss aversion of their opponents. For brevity, we pool the first 20 rounds of SRR ses-
sions with SR sessions for the main empirical analysis and omit the last 10 rounds of the SRR
treatment.

In all experimental sessions, participants were randomly matched in each round. This was done
to control against any systematic differences, which may exist due to opponents being fixed for a
sequence of rounds. Participants were assigned the role of either a row player or a column player in
the games FRAMED/REAL for the blocks of 10 rounds. Fixing the roles of the participants within a
block provided us with the most favorable environment for observing direct and indirect loss aversion
effects compared to an environment where the roles of participants could be alternated or changed
randomly. The average final earnings were AUD 25.28 for a subject across all experiments.

3.2.2 | What is the rationale for the “no feedback” design?

We purposefully employed the “no feedback” design; that is, we ran 10 rounds as a block without
providing feedback at the end of each round. The existing literature on testing mixed strategy Nash
equilibrium predictions has utilized repeated games that allow individuals to play multiple times.
These designs often provide feedback regarding prior outcomes, which may influence the decisions
made by the participants (Erev & Roth, 1998; Feltovich, 2011; McCabe et al., 2000; Mookerjee &
Sopher, 1994; Ochs, 1995; O'Neill, 1987; Rapoport & Boebel, 1992). The literature suggests that sys-
tematic learning effects may exist when feedback about previous outcomes is provided in games
(e.g., McCabe et al., 2000; Mookerjee & Sopher, 1994; Weber, 2003; Wen, 2018) and in auctions (e.g.,
Ockenfels & Selten, 2005).13 In our setting, feedback would reveal to the row players that the column
players may have a different strategy in the asymmetric game, and this could ultimately change how

11Payoffs in Table 1 were denominated by points in the laboratory. Every 100 points corresponded to Australian Dollars
of 1.75 in SRR sessions and 2.25 in the rest of the experimental sessions. In this way, the expected average payoffs across
experiments were roughly similar. Receiving the show-up fee and quiz completion fee, participants ended up with a
negative payment in no sessions. This is the rule of no bankruptcy, commonly adopted in experiments to compensate
participants' time.
12While a participant in SR, RS, SF, and FS sessions could have played for the same payoffs as in game SYMMETRIC for
the entire session (20 rounds), a participant in SRR sessions played the REAL-loss game as a column player for at least
10 rounds.
13The literature on adaptive learning in games explores how differential learning is observed in response to differences
in the nature of the feedback provided.
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the row players would respond. As such, any differences could not be interpreted as evidence of the
anticipation of loss aversion but simply the best response of a player to the observable behavior of
their opponent. The “no feedback” design allows a clean test of the anticipation of loss aversion.

4 | RESULTS

4.1 | Do people behave differently across SYMMETRIC and
asymmetric games?

4.1.1 | Overall findings

Our empirical analysis is based on data collected from 10 experimental sessions with 206 partici-
pants. Each participant made 20 decisions in the experimental sessions (half in symmetric
games and the other half in asymmetric games), except for the SRR sessions where participants
made 30 decisions (one-third of observations in symmetric games and the rest in asymmetric
games). The first 20 rounds of SRR were the same as the treatment SR, and therefore we include
these observations in the “SR” sample. The total number of observations in symmetric and
asymmetric games without the last 10 rounds of the SRR sessions is 2060.

Table 3 shows the aggregate frequency of choosing Dove by participants across the symmet-
ric and asymmetric game using four empirical samples, that is, observations from the treat-
ments of SF, FS, and their aggregate statistics in Panel A while those from SR, RS and their
aggregate statistics in Panel B. The statistics suggest evidence for the direct effect of loss aver-
sion and fail to find evidence for the anticipation of loss aversion.

TABLE 4 Individual analysis

Dependent variable = Dove

Col. players Row players Col. players Row players
(1) (2) (3) (4)

β1 (ifAsygame) 0.57** �0.06 0.60* �0.08

(0.29) (0.25) (0.30) (0.26)

β2 (Real) �0.60 �1.02* �0.83 �0.81

(0.58) (0.52) (0.53) (0.56)

β3 (ifFirst) 0.75** 0.49* 0.73** 0.50*

(0.31) (0.28) (0.32) (0.28)

riskTolerant �0.97** �1.58**

(0.43) (0.56)

Demographic variables
(ifMale, ifAuz, Age, Education background)

No No Yes Yes

Participant fixed effects Yes Yes No No

Observations 206 206 206 206

Adjusted R2 0.36 0.63 0.07 0.06

Note: *p < 0.10; **p < 0.05; ***p < 0.01.
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First, the direct effect of loss aversion is present in both the FS and RS treatment. That is,
column players are more likely to choose Dove in asymmetric games than in SYMMETRIC
games by 16% and 10% (one-tailed t-test, p-value <0.01 and 0.05), respectively. In other experi-
mental sessions, none of these changes is statistically significant, although the direction of these
changes is largely consistent with our expectations. Considering that the losses are framed in
the FS treatment, which means in these sessions the lower payoffs for column players were
offset by the endowment, we contend that the increased tendency of choosing Dove in the
asymmetric game (16% in FS and 10% in RS treatment) is not because of the increased risk
aversion from decreased overall wealth.

Besides, in three out of the four empirical samples, participants acting as column players are less
likely to play Dove in the second half than in the first half of a session which indicates that the
direct effect of loss aversion may be confounded by a time effect. That is, if players play less Dove
over time for a reason other than loss aversion, we are more (less) likely to find a direct effect of loss
aversion in treatments where the symmetric game comes second (first). To control for such time
effect and to investigate if the direct effect of loss aversion prevails, the regression model in the next
section introduces control variables for the time effect, and the structural model investigates further
whether the time effect is driven by a change in loss aversion or in the depth of strategic reasoning.

Second, we fail to document a consistent indirect effect of loss aversion in Table 3. In the
treatment SRR and SR (“SR” row), row players play Dove at a lower frequency in the asymmet-
ric games than in the symmetric games by 11% (p < 0.01). This is consistent with our predic-
tion. However, the FS and SF treatment show the opposite result, that is, row players are less
likely to play Dove in SYMMETRIC games than in asymmetric games, which contradicts Pre-
diction 2 (58% vs. 67%). Besides, in no sample do participants acting as row players choose Dove
more often in the second 10 rounds than in the first 10 rounds. In fact, in three out of four sam-
ples, the proportion of Dove decreases in rounds 11–20 compared to rounds 1–10. Again, we
observe a time effect. As a result, if row players play less Dove over time, it is more likely to find
an indirect effect of loss aversion in samples where the asymmetric games come second, for
example, in the SR sample. With these observations in mind, we conclude that we fail to docu-
ment the indirect effect of loss aversion.

We employ a regression model with participant fixed effects to understand how row and col-
umn players' behavior changes across games and among treatments. Specifically, the dependent
variable Doveij is the number of Dove choices by participant i in the first or the second block of
10 rounds (that is, block j of 10 rounds where j = 1, 2). We consider two variables to understand
the direct and indirect effect of loss aversion: ifAsygameij indicates whether the observation of
participant i is from a game with symmetric (=0) or asymmetric (=1) payoffs and, Realij indi-
cates whether the observation is from an asymmetric game with real losses (=0.5) or framed

TABLE 5 Risk preferences - the Eckel and Grossman (2008) measure

Lottery Low payoff High payoff Expected return Std. deviation

1 28 28 28 0

2 24 36 30 6

3 20 44 32 12

4 16 52 34 18

5 12 60 36 24

6 2 70 36 34
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losses (=�0.5) or a SYMMETRIC game (=0). Finally, we include a control variable ifFirstij
which equals 1 for the observations from block 1 and otherwise 0. Given that the two hypothe-
ses have different predictions on the behavior change of column and row players, we run the
regressions on column and row players separately. We are interested in β1 which is the coeffi-
cient associated with ifAsygameij and to a lesser degree, we are interested in β2 which is the
coefficient associated with Realij. Regression results with standard errors clustered at the partici-
pant level are shown in Table 4.

Doveij ¼ β1ifAsygameijþβ2Realijþβ3ifFirstijþμiþ εij

Regression results in Table 4 show support for Prediction 1 and little support for Prediction
2. In particular, as shown in Column (1), the column players played 5.7% more Dove in the
asymmetric games than they did in the symmetric games (β1 = 0.57, S.E. = 0.29, untabulated
p = 0.017).14 This is consistent with Prediction 1. However, regarding the behavior change for
column players, as shown in Column (2), the coefficient associated with ifAsygame is negative,
which is consistent with Prediction 2 but not statistically significant.

In these regressions, the time effect (ifFirstij) is always statistically significant. In investigat-
ing column players' behavior, the time effect is both economically and statistically significant
(β3 = 0.75 with S.E. = 0.31, untabulated p = 0.019). While the coefficient assosicated with
ifAsygame is still statistically significant, our evidence on the direct effect of loss aversion pres-
ented in Table 3 is not a side effect from the time effect. However, for row players, Column
(2) shows that the time effect is economically large enough (β3 = 0.49 with S.E. = 0.28) to out-
weigh the (weak) indirect effect of loss aversion.

Since a concern regarding the design of the experiment is the potential wealth effect, our
estimates on the coefficient associated with Realij show that, after controlling for the time effect,
the marginal effect for the asymmetric games with real losses is negative, but it is not statisti-
cally different from 0 for column players. Regarding row players, the coefficient �1.02 (S.E.
= 0.52) at 10% significance level suggests that row players on average played less Dove in the
REAL-loss game than in the FRAMED-loss game. This may explain why we observe different
patterns across Panel A and B in Table 3.

Overall, the regression analysis shows a clear time effect for both types of players, which
obscures and amplifies the treatment effects depending on the order of the symmetric and
asymmetric game. After adjusting for the time effect, the results show a significant direct effect
of loss aversion. In comparison, the indirect effect is present but not statistically significant. In
the following sections, we explore a structural model to further investigate the time effect and
how it affects our findings with respect to Predictions 1 and 2.

4.1.2 | Does risk attitude matter?

Although hawk-dove games have some advantages for our research purposes, one of the salient
factors that would affect the decisions of participants is risk. Choosing Dove yields a payoff of
either 160 or 80, while choosing Hawk yields an even riskier outcome. For risk-averse

14The dependent variable is the number of Dove choices, with its value spanning between 0 and 10. The coefficient 0.57
divided by 10 is 5.7%.
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participants, Dove seems more attractive than Hawk. Therefore, we needed to control for risk
attitude in the regression, as it helped us to rule out systematic differences in risk as a potential
explanation for treatment effect as discussed above.

We employed the lottery selection task to elicit the risk preferences of participants (as in
Eckel & Grossman, 2008). Participants were asked to select only one out of six of the lotteries
presented to them. These lotteries are listed in Table 5. Each lottery involved a 50% chance of a
high payoff. Lottery 1 has no uncertainty and yields a certain payoff of 28 points. For lotteries
1–5, the expected payoff increased in line with increased risk. Lottery 6 had the same expected
payoff as lottery 5 but a higher standard deviation. The lotteries were designed so that risk-
averse participants would choose lotteries 1–4, risk-neutral participants would choose lottery
5, and risk-seeking participants would choose lottery 6. This measure of risk attitude has the
advantage of being relatively easy to understand.

The majority of our participants revealed through their selection of a lottery that they were
risk-averse (63% of 206 participants chose lottery 1–4) while the rest 13% and 24% respectively
were risk-neutral and risk-seeking. As we do not have any predications on the comparison
between risk-neutral and risk-seeking group, we defined a dummy to be included in our OLS
regression models: riskTolerant is equal to 1 if lottery 5 (risk-neutral) or 6 (risk-seeking) is cho-
sen and otherwise 0. Consequently, the OLS model, when the dummy variable is zero, provides
insights into the behavior of risk-averse participants. Results are shown in Columns (3) and
(4) of Table 4, in which education and demographics controls are also included compared to
those presented in Columns (1) and (2).

First, we do observe risk attitude explains the choice of Dove by participants. Com-
pared with the risk-averse population, the risk-tolerant participants (both risk-neutral
and risk-seeking) are less likely to choose Dove. Coefficients associated with risk attitudes
(riskTolerant) for both row and column players are all statistically significant. This is not
surprising. Second, after controlling for risk attitudes, the results discussed earlier remain
largely unchanged. That is, direct effect of loss aversion and a time effect are supported
in the data.

4.2 | Structural analysis

4.2.1 | Structural model

In Section 2.2, we described the level-k model with loss averse agents. In this section, we empir-
ically estimate the structural model and discuss the behavioral parameters to understand fur-
ther the direct and indirect effects of loss aversion in our experiments. Empirically, we allow
individuals to differ from each other in different levels of loss aversion (ηi) and their belief on
how an L0 player behaves (p0i ). An individual i can be an L1-player with a heterogeneous
chance of ρi and an L2-player with a chance of 1�ρið Þ. When the individual is an L1 player,
the probability they choose Dove in a game is p1i while for an L2 player, the probability is given
as p2i . Given these assumptions, the likelihood function of all individuals is the product of the
likelihood function for individual i, denoted as lli and given as:

lli ¼ ρi p
1
i

� �D
1�p1i
� �1�Dþ 1�ρið Þ p2i

� �D
1�p2i
� �1�D
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where p1i ¼ invlogit λ 2þηi�p0i 4þηið Þ� �� �
, p2i ¼ invlogit �λ 2þηi�p0i 4þηið Þ� �� �¼ 1�p1i and

invlogit xð Þ¼ ex
1þex . λ is a precision parameter that captures how sensitive a participant's proba-

bility of choosing Dove is in response to their belief of the action of L0 players p0i .
15 λ is shared

across all individuals from all treatments. In order to capture individual heterogeneity and esti-
mate the effect of the experimental manipulations, we allow p0i , ρi and ηi to vary depending on
a player's role, whether the loss in the asymmetric game is real or not, and whether the asym-
metric game is played in the first or second block. Specifically, the structural parameters are
defined as follows.

p0i ¼ invlogit αpRealRealþαpTypeTypeþαpBlockBlockþαpReal�TypeReal�Type
�

þαpBlock�TypeBlock�TypeþμpÞ
ð1Þ

ρi ¼ invlogit αρRealRealþαρTypeTypeþαρBlockBlockþαρReal�TypeReal�Type
�

þαρBlock�TypeBlock�Typeþ εiÞ
ð2Þ

ηi ¼ exp αηRealRealþαηTypeTypeþαηBlockBlockþαηReal�TypeReal�Type
�

þαηBlock�TypeBlock�Typeþ vi
�
if the payoff is negative or ηi ¼ 1 otherwise

ð3Þ

where Real equals 0.5 when the losses in the asymmetric games are real and �0.5
otherwise, Type is 0.5 for row players and �0.5 for column players, and Block equals 0.5
for the observations in the first block of 10 rounds and �0.5 for those in the second block
of 10 rounds.

We estimate the model as a Bayesian hierarchical model where we provide a weakly infor-
mative prior structure on the unknown parameters. We provide the full prior specification in
Appendix C. Here, we discuss the main features of the prior structure. Our main interest is the
probability that a participant is an L1-player, ρi, and the individual loss aversion parameter ηi
as well as how these parameters vary across the manipulations. To be specific, in the structural
model, we allow the value of parameters in (1)–(3) to vary based on player role and game
conditions, but also allow ρi and ηi to vary based on other individual differences as represented

TABLE 6 Behavioral parameter estimation

p0 ρ η

Block Row player Col. player Row player Col. player Row player Col. player

FRAMED-loss games 1 0.49 (0.11) 0.49 (0.11) 0.75 (0.05) 0.84 (0.04) 1.50 (0.48) 1.18 (0.24)

FRAMED-loss games 2 0.49 (0.11) 0.49 (0.11) 0.67 (0.06) 0.76 (0.05) 1.50 (0.46) 1.27 (0.27)

REAL-loss games 1 0.49 (0.11) 0.49 (0.11) 0.73 (0.06) 0.83 (0.05) 1.60 (0.47) 0.97 (0.20)

REAL-loss games 2 0.49 (0.11) 0.49 (0.11) 0.65 (0.07) 0.76 (0.06) 1.60 (0.41) 1.04 (0.19)

15When p0i ¼ ηþ2ð Þ= ηþ4ð Þ, p1i ¼ p2i ¼ invlogit 0ð Þ¼ 0:5. This means, when η¼ 1 (no loss aversion), the belief over the L0
player's choice of Dove is 0.6, and L1 and L2 players make their choice of Dove randomly with a probability of 0.5.
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by εi and νi respectively in (2) and (3).16 We model both individual parameters (2) and (3) with
a normal distribution on respectively the logit and the log scale.17 Overall, the weakly informa-
tive prior structure allows for flexibility in individual parameters and adds little probability
mass to unlikely parameter values to aid the identifiability of the model.

The Stan 2.27.0 open-source software was used to estimate the full model (Carpenter et al., 2017;
Stan Development Team, 2020) with the CmdStanR package (Gabry & Češnovar, 2020) for R4.0.3
(R Core Team, 2020).18 The Hamiltonian Monte Carlo algorithm employed in Stan allows for several
diagnostic checks on the sampling procedure and convergence of different chains (Betancourt, 2017).
We run four chains with a warmup of 500 iterations and a sample of 1000 iterations per chain without
any problems detected in the diagnostics as reported by Stan.19 That is, all transitions have satisfactory
tree depth and E-BFMI, there are no divergent transitions, the effective sample size is satisfactory for all
parameters and the split bR<1:1 for all parameters. We separately check if the condition (a stricter
one) bR<1:01 is met for all parameters reported in the results because satisfaction of the condi-
tion indicates that the chains have converged to a common distribution. In doing so, we ensure
our model is identifiable, and the estimation is efficiently and effectively performed.

4.2.2 | Estimation results

We ran 4000 estimates for each parameter listed in (1)–(3). Specifically, we set the individual-
level effects equal to the mean for the sample and calculate the parameter values according to
the Equations (1)–(3) for all experimental sessions and each of the 4000 iterations of the estima-
tion. The estimates for all parameters in Equations (1)–(3) are reported in Appendix C. For ease
of interpretation, in Table 6, we report the mean and standard deviation (in parenthesis) of the
structural parameters from these 4000 estimates by block 1 or 2, FRAMED- or REAL-loss
games, and player's role. The three structural parameters are the belief of the probability that
an L0 player chooses Dove (p0i ), the probability that the participant is an L1 player (ρi), and the
loss aversion parameter (ηi).

The results show that a typical participant believes that an L0 player chooses Dove with a
probability of 0.49 (S.E. = 0.11), and this probability does not vary meaningfully between differ-
ent frames (FRAMED- and REAL-loss) for the asymmetric game, between different orders of
presenting the manipulations, or between row and column players.

Furthermore, the results show that the average probability of a participant being an L1 player
is 0.75 (untabulated S.E. = 0.03) and being an L2 player with a complimentary probability. This
suggests that, on average, there is a much higher chance to observe a participant being an L1

16We do not allow for individual differences in (1) and this is because, if so, the model would be no longer identifiable.
17The prior of the means is chosen so that the typical participant is weakly favored to be an L1 player with loss aversion.
The priors on the standard deviations are chosen so that a substantial minority of participants is allowed to be an L2
player or to not be loss averse. The priors for the α coefficients are chosen such that the size of the effect of the
manipulations follows the same prior distribution as the difference in the individual parameter for two participants two
standard deviations apart. This prior implies that the effect of the manipulations is a priori as likely to explain
differences as random sampling variation, but it does not require that manipulations and random sampling variation
are equally strong.
18In Stan, users specify the model likelihood and the prior distributions. Stan generates a C++ standalone program that
uses Hamiltonian Monte Carlo (HMC) to simulate parameter values from the posterior distribution of the parameters
based on observed data. The Stan program exploits theoretical advances in HMC algorithms to increase the efficiency of
simulation draws (Betancourt, 2017; Hoffman & Gelman, 2014).
19https://mc-stan.org/docs/2_27/cmdstan-guide/diagnose.html
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player. Such a relatively high probability of participants being L1 players explains why we find
support for the direct effect of loss aversion and no support for the indirect effect. It is because the
presence of an indirect effect of loss aversion relies on a high proportion of L2 players.

In addition, we find that the probability of being an L1 player is lower for a row player
than for a column player (probability = 0.70 with untabulated S.E. = 0.05 versus probabil-
ity = 0.80 with untabulated S.E. = 0.05) with 96% probability. A potential explanation for
this result is that the different payoffs between SYMMETRIC and asymmetric games for the
column players make the row players more aware that they need to consider their oppo-
nents' behavior.

An interesting finding in the structural model is that participants are more likely to be L1
players in the first block (probability = 0.79, untabulated S.E. = 0.04) than in the second block
(probability = 0.71, untabulated S.E. = 0.04) for 96% of the 4000 iterations. With its comple-
mentary probability of 4%, participants are less likely to be L1 players in the first block than in
the second block. This indicates participants' depth of strategic reasoning generally improved
in the second block. In other words, participants deepened their depth of strategic reasoning
in later stages of a session and were more likely to play Hawk. This result is enlightening, and it
provides an explanation for the time effect documented in the regression analyses. We observe
that column and row players tend to choose Dove less often in the second half of a session.

With respect to the loss aversion parameter, we find that participants are on average loss
averse, with a mean of 1.33 (untabulated S.E. = 0.20). The parameter is higher than 1 with a 97%
probability. The loss aversion parameter is on average 1.55 (untabulated S.E. = 0.34) for the row
players and 1.12 (untabulated S.E. = 0.15) for the column players. The row players have a higher
loss aversion parameter than the column players with a 91% probability. One potential explana-
tion for the difference is that participants' own loss aversion is different from the expected loss
aversion by others. This is because the loss aversion parameter for the column players is inferred
from their own actions, while for the row players, it results from their perception of the column
players' loss aversion. The results suggest that the participants are less loss averse than anticipated
by their opponents. Interestingly, the column players in the REAL-loss condition are barely loss
averse (mean= 1.01, untabulated S.E.= 0.16) which means that their behavior exhibits the same
level of sensitivity to choosing Dove in the symmetric and asymmetric games.

In summary, the support for the direct effect of loss aversion can be partly explained by the
fact that participants are less loss averse when considering their own payoffs, especially when
the losses are real. Besides, the lack of a clear indirect effect of loss aversion is driven by the lim-
ited number of participants that act as L2 players, especially in the first block of 10 rounds.

5 | CONCLUSIONS

In this paper, we designed an experiment and derived our predictions for treatment differences
based on a nonequilibrium theory. We provided evidence in support of loss aversion in strategic
settings. Our design utilized two anti-coordination games such that players who were likely to
be affected by loss aversion and those who were not could be identified beforehand. This
allowed us to compare the reactions of participants not affected by loss aversion to those who
were affected by loss aversion in strategic settings. A level-k model with loss averse agents is
proposed to predict the treatment effect: column players were expected to choose Dove more
often (referred to as the direct effect of loss aversion), and row players were expected choose
Dove less often (referred to as the indirect effect of loss aversion) in the asymmetric game.
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To test these predictions, we provided an environment in which participants took decisions
in a sequence of 10 repeated games but did not receive any feedback after each round to control
against feedback effects. This environment in which participants competed against each other
but could not update their beliefs of their opponents' strategy was the most suitable environ-
ment for our research purpose. This is necessary for testing a model of strategic reasoning,
which helps to suppress learning from outcome feedback.

We found support for a direct effect of loss aversion and showed that it was not driven by a
wealth effect on risk aversion. Besides, an indirect effect of loss aversion by row players was not
statistically significant. Our regressions with controls for time effect, risk attitude, and other
demographic characteristics showed a strong time effect with the overall conclusions largely
unchanged. Our structural estimations shed light on how the time effect can be explained by indi-
viduals' depths of strategic reasoning over time. Our structural estimations showed the loss aver-
sion of column players was lower than what their opponents anticipate. This, together with our
findings that the anticipation of loss aversion is stronger in REAL-loss games, suggests the antici-
pation is driven by the perception of the row players. For this, if column players' losses are salient,
row players' perception of losses could be more pronounced, and they would more likely behave
in line with the predicted anticipation of loss aversion. This warrants further study.
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APPENDIX A: PREDICTIONS FOR THE TREATMENT EFFECT BASED ON NASH
EQUILIBRIUM

When players are assumed to be loss averse with zero as a reference point (Kahneman &
Tversky, 1979), the Nash equilibrium predicts no changes in the behavior of column players who
are exposed to potential losses. Further, it predicts that untreated row players are more likely to play
Dove in the asymmetric game than in the symmetric game in the mixed strategy equilibrium.

To further explore these predictions, the column player is assumed as before to experience a disutil-
ity of 20 η when both players choose Hawk, where the coefficient of loss aversion η captures loss
aversion such that η>1 indicates the extent of loss aversion and η¼ 1 indicates no loss aversion.
In the mixed strategy equilibrium of the asymmetric game, the row players' probability of
playing Dove prow is such that the column player is indifferent between Dove and Hawk. Thus,
the equilibrium condition is described by 120prowþ40 1�prowð Þ¼ 160prow�20η 1�prowð Þ and
this yields the probability to choose Dove in equilibrium for row player p�row ¼ 2þηð Þ= 4þηð Þ,
which is larger than the Nash equilibrium with KT agents in the symmetric game 0.6,. Two
points are noted here: (1) the probability of playing Dove in the mixed strategy equilibrium
increases with loss aversion η and (2) the equilibrium condition implicitly assumes that the row
players factor the loss aversion of column players into their decision making.

Overall, the change in the probability of playing Dove in response to a payoff deduction for
the column player is predicted to be zero for column players and 2 η�1ð Þ=5 4þηð Þ for row
players. This prediction is surprising because the player who exposes to a negative payoff does
not change their equilibrium strategy, while their opponent with unchanged payoffs increases
the probability of playing Dove.
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APPENDIX B: EXPERIMENTAL INSTRUCTIONS

The following instructions apply for any session for the treatments SR, RS, SF, and FS. Initial
instructions were printed and distributed to participants and were read out by the experimenter.
Only texts in italics are included.

Initial instructions

• You are about to participate in an experiment in the economics of decision-making. The dura-
tion of the experiment is around 60 minutes. You will receive a show-up fee of four AUD for par-
ticipation. All earnings from the experiment will be paid privately to you at the end of the
session. The payoff (earnings) for the experiment are expressed in “points.” “Points” will be
converted to dollars (AUD).

• [In SR/RS, SF/FS sessions, 100 points were equal to AUD 2.25. In SRR sessions, 100 points
were equal to AUD 1.75. The rate of conversion of points to AUD was displayed on a large
whiteboard during a session. This was also described orally to participants.]

• Your responses will remain anonymous. If you have a question(s) at any time during the experi-
ment, you may raise your hand. An experimental staff will approach you to address them.
Please refrain from communicating with other participants.

• The instructions for today's experiment are simple. Initial instructions will be read out by the
experimenter. Please do not jump ahead while the experimenter is reading the instructions. The
amount of money you earn will depend on how well you understand the instructions. You will
be asked to respond to a quiz to evaluate your comprehension of the instructions before you can
participate in the experiment. You will receive another four AUD for completing the quiz
successfully.

• In today's experiment, you will play two different games for 10 rounds each. Each game
will be played by you and another person. At the beginning of each round, you will be ran-
domly matched with a person who will play the game with you. You will not be told the
identity of the person matched with you, nor will he/she be told your identity-even after the
end of the session.

• The payoff table for each game you play will be shown on your computer screen. In each round,
both you and the person matched with you will have a choice between two possible actions,
which will be called “A” and “B.” Your action, together with the action chosen by the person
matched with you, will determine your earnings (points) in that game. The number of points
you earn in each round will depend on the choice you make and the choice made by the person
matched with you.

• At the end of the experimental session, three rounds will be chosen randomly from each
game you will play for a total of 10 rounds. Each round has an equal chance of being cho-
sen for final payments. Points earned from a total of 6 rounds, three each from a game,
will determine your earnings from the games. (These points will be converted to AUD for
payments).

The instructions up to now are common for all treatments of SR, RS, SF and FS. For the
rest of the experiment, participants used the z-Tree interface, for which screenshots are
provided.
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Screenshots from z-Tree interface

Please refer to supplementary document along with the publication.

APPENDIX C: QUANTITATIVE DISCUSSION AND STRUCTURAL ESTIMATION OF
A LEVEL-k MODEL WITH LOSS AVERSION

In this section, we provide a quantitative discussion of the level-k model with loss aversion and
provide additional information on the prior structure of the empirical estimation method we
adopted with results reported in Table 6.

Priors for the structural model

In our estimation, we use the following priors for the interactions. First, the sensitivity parame-
ter λ follows a log-normal distribution with zero mean and one standard deviation, denoted as:

λ�LogNormal 0,1ð Þ

Such a prior encodes a strictly positive precision parameter that is as likely to be larger or
smaller than 1.

Second, the constant term in Equation (1) μp follows a normal distribution with zero mean
and 0.28 standard deviation, denoted as:

μp �Normal 0,0:28ð Þ

The prior implies that with 90% probability, the typical participant believes that an L0 player
will play Dove between 0.39 and 0.61 of the time.1 The prior encodes the belief that the
L0 player is an unsophisticated noise player who plays Dove randomly, and this belief can be
overruled by the data.

Third, the individual disturbances in Equations (2) and (3) εi and νi are drawn from normal
distributions, specified as

εi �Normal με,σεð Þ,με �Normal 0:8,1:8ð Þ,σε �Normalþ 0,0:25ð Þ:

The prior implies that with a 90% probability, the typical participant is an L1 player between
0.10 and 0.98 of the time.2 This prior encodes a weakly held belief that the typical participant is
more likely to be an L1 player than an L2 player. We also encode the belief that participants dif-
fer in their odds to be an L1 player. Specifically, the half-normal prior implies that with 90%
probability, the odds to be an L1 player compared to an L2 player are between 0.66 and 1.51
times the odds of a typical participant.3

10:39¼ invlogit �1:64�0:28ð Þ and 0:61¼ invlogit 1:64�0:28ð Þ
2 0:10¼ invlogit 0:8�1:64�1:8ð Þ and 0:98¼ invlogit 0:8þ1:64�1:8ð Þ
30:66¼ exp �1:64�0:25ð Þ and 1:51¼ exp 1:64�0:25ð Þ
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νi �Normal μη,σηð Þ,μη �Normal 0:4,0:2ð Þ,ση �Normalþ 0,0:25ð Þ:

The prior implies that with a 90% probability, the typical participant has a loss aversion
parameter between 1.07 and 2.07, that is, the typical participant is likely to be loss averse.4 As
before, we allow individual participants to be different from the typical participant. The prior
implies that with a probability of 90%, the loss aversion parameter is between 0.66 and 1.51
times the loss aversion parameter of the typical participant.5

Lastly, the coefficients associated with marginal effect from the asymmetry of the frame, the
player's role, and the sequence of games to be played are assumed to be drawn from a normal
distribution as below:

α:Real,α
:
Type,α

:
Block �Normal 0,0:5ð Þ,α:Real�Type,α

:
Block�Type �Normal 0,0:25ð Þ:

The priors for the coefficients on the main effects of the experimental manipulations are
restricted to a normal distribution with twice the scale of the prior for the variation between
participants (i.e., σε and σν). For instance, this means that we expect a priori the main effect of

TABLE C1 Behavioral parameter estimations.

2. p0i 3. ρi 4. ηi

1.98 �0.05

(0.70) (0.14)

Mean of εi in ρi or νi in ηi 1.14 0.24

(0.18) (0.13)

The standard deviation of εi or νi 0.65 0.73

(0.28) (0.15)

αpReal, α
ρ
Real,α

η
Real �0.02 �0.06 �0.07

(0.52) (0.27) (0.21)

αpType, α
ρ
Type,α

η
Type 0.00 �0.53 0.33

(0.51) (0.26) (0.24)

αpBlock , α
ρ
Block ,α

η
Block 0.00 0.43 �0.03

(0.49) (0.25) (0.21)

αpReal�Type, α
ρ
Real�Type,α

η
Real�Type 0.00 �0.06 0.24

(0.25) (0.23) (0.22)

, αρBlock�Type,α
η
Block�Type 0.01 �0.08 0.10

(0.24) (0.23) (0.23)

Note: This table reports the parameter estimates from the structural model discussed in Section 4.2.1 using 2060 observations.
The mean and standard deviation (presented in parenthesis) of estimates from 500 iterations are reported. Column (1) reports
the estimates of λ. Columns (2)–(4) report the related parameters in p0i , ρi and ηi respectively.

41:07¼ exp 0:4�1:64�0:2ð Þ and 2:07¼ exp 0:4þ1:64�0:2ð Þ
50:66¼ exp �1:64�0:25ð Þ and 1:51¼ exp 1:64�0:25ð Þ
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the block order on loss aversion to be no larger than a two standard deviation difference
between a more loss averse and a less loss averse participant. In other words, this prior places
the effect of the manipulation on equal footing as the effect of individual differences between
participants. For the interaction effects, we use the normal prior with the same scale as the indi-
vidual effects. This prior encodes that the probable range of the interaction effects is smaller
than the probable range for the main effects and effectively penalizes the more complex model
with interactions.

Additional structural estimation results

We report the average and standard deviation of coefficients in 4000 estimations in Table C1.
These 4000 estimations are used to compute p0i , ρi and ηi, the average and standard deviation of
which are reported in Table 6.

APPENDIX D: DOES EXPERIENCE IN THE OTHER ROLE MATTER?

The SRR experimental sessions were designed to examine if experience as a column player con-
tributes to a row player's anticipation of loss aversion. In the SRR treatment, we ran 10 rounds
more than the SR treatment, with roles of players swapped in the last 10 rounds. For the analy-
sis, the total number of observations is 420 and 840, respectively, for the symmetric and the
asymmetric game with real losses. We consider the average frequency of choosing Dove by row
and column players in the first 10 rounds (SYMMETRIC games) and in the last 10 rounds
(REAL games). By their importance, we investigate sequentially (1) whether experience in the
opposing role teaches people to anticipate their opponent's loss aversion; and (2) whether expe-
rience in the opposing role makes people behave more in line with loss aversion. Descriptive
statistics, as well as one-tailed t-test results, are presented in Table D1.

First, the key question of interest is whether people who have had the same disadvantaged
experience with potential losses as their current opponents are now undergoing would be more
likely to anticipate the loss aversion of others. We observed that column players in the first

TABLE D1 Average of individual frequency of Dove choice and T-test in the treatment of SRR

(1) First 10 rounds (2) Last 10 rounds (2)–(1) p-Value for H0

Panel A: Participants who are row players in the first 10 rounds act as col. players in the last 10 rounds

Does experience teach people to anticipate others' loss aversion?
H0: (2)–(1) > 0

Num. Sbj. 21 21 - -

Dove freq. 0.63 0.59 �0.04 0.18

Panel B: Participants who are col. players in the first 10 rounds act as row players in the last 10 rounds

Does experience make people behave more in line with loss aversion?
H0: (2)–(1) < 0

Num. Sbj. 21 21 - -

Dove freq. 0.62 0.68 0.06 0.11
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10 rounds acting as row players chose Dove with a frequency of 59%, which was less frequent
than when they acted as column players in the first 10 rounds. However, the decrease of 4% is
as expected but relatively small (and statistically insignificant, p-value = 0.18, one-sided t-test).
We, therefore, conclude that experience does not contribute to the probability that players
would anticipate the loss aversion of their opponents.

Second, we do not observe any solid evidence regarding the potentially induced effect on
loss aversion by experience. That is when we compare the behavior of column players in the
last 10 rounds who acted as row players in the first 10 rounds, the frequency of choosing Dove
increases from 62% in SYMMETRIC to 68% in REAL games. It is as expected, however, the
increase is not statistically significant (p-value = 0.11, one-sided t-test).
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