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ABSTRACT
Motivated by the analysis of behavioral data taken from an economic experiment based on
the Hawk-and-Dove game, this article describes a multilevel hidden Markov model, that
includes covariates, autoregression, and endogenous initial conditions under a unified
framework. The data at hand are affected by multiple sources of latent heterogeneity, due
to multilevel unobserved factors that operate in conjunction with observed covariates at all
the levels of the data hierarchy. We fit a multilevel logistic regression model for repeated
measurements of player behaviors, nested within groups of interacting players. The model
integrates discrete random effects at the group level and Markovian sequences of discrete
random effects at the player level. Parameters are estimated by a computationally feasible
expectation-maximization algorithm. We model the probability of playing the Hawk strategy,
which implies fighting aggressively for controlling an asset, and test the role played by ini-
tial possession, property, and other player-specific characteristics in driving hawkish behav-
iors. The results from our study suggest that crucial factors in determining hawkish behavior
are both the way possession is achieved – which depends on our treatment manipulation-
and possession itself. Furthermore, a clear time-dependence is observed in the data at the
player level as accounted for by the Markovian random effects.

KEYWORDS
Hidden Markov models;
initial conditions;
conditional
models; possession

1. Introduction

This article presents a model for the analysis of longi-
tudinal hierarchical binary outcomes that extends
standard random effects models to simultaneously
account for serial dependence and heterogeneity at
the different levels of the hierarchy. This particular
model is used to study data collected from an eco-
nomic laboratory experiment based on the Hawk-and-
Dove game which is among the most famous games
of evolutionary game theory as it can be used to
explain the emergence of private property (Sugden,
2004). In the game, two players contend the control
of an asset and they can either simultaneously choose
between the Hawk strategy – i.e. fighting for control-
ling the asset, even if this might result in a negative
payoff – or the Dove strategy – i.e. walking away from
the fight if meeting an aggressive player, or sharing
the asset (and incurring a reduction of the total
resource value) if meeting another peaceful player.
The particular payoff structure of this coordination
game implies that the best strategy for a player con-
fronting a peaceful Dove is to fight aggressively for

the resource by playing Hawk. The strategy is also
socially efficient, since the resource does not suffer
from the value reduction following the Dove–Dove
division. However, choosing the Hawk strategy when
the game is played against another Hawk would result
in the highest individual and social cost. In the game,
costly fighting can be avoided and resources can be
efficiently allocated when players coordinate so that at
every encounter one consistently plays Hawk, while
the other plays Dove or vice versa. How can this
coordination be achieved? One way is by adopting the
so called bourgeois strategy, which implies that the
player who initially possesses the asset plays Hawk
while the other player plays Dove. Although the bour-
geois strategy is not necessarily the only theoretical
solution resulting in an efficient equilibrium for the
Hawk and Dove game, this coordination mechanism
nicely explains how possession leads to the establish-
ment of the property convention (Sugden, 1989), and
how this convention can efficiently solve the coordin-
ation problem of costly fighting over the
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appropriation of scarce resources (Maynard Smith &
Parker, 1976; Sherratt & Mesterton-Gibbons, 2015).

In our lab experiment, groups of six players are
divided in three couples and each one plays an Hawk-
and-Dove game for the appropriation of an amount
of tokens. The game is repeated for 10 periods and
couples are rematched randomly at each period. We
have multiple treatments in which we manipulate over
two dimensions the way the tokens are initially pre-
sented to the players. The first treatment variation
concerns whether the asymmetry between players
introduced at the beginning of each round is based on
possession or not. Specifically, in three out of five
treatments one player in the couple is assigned posses-
sion of the tokens before playing the Hawk-and-Dove
game. In the remaining two treatments, neither player
possesses the tokens and players are differentiated by
being associated to different colors. The second treat-
ment variation concerns the procedure for the assign-
ment of the initial possession/color, which can be
determined by two different types of meritorious pro-
cedures (labor or first possession), or by simple luck.
Combining these treatment manipulations, we observe
whether and to which extent the convention of prop-
erty – intended as the coordination of players on the
bourgeois strategy – emerges.

By having both possessory and non-possessory
color-based treatments, we are able to investigate
whether possession is indeed a superior coordinating
asymmetry. Moreover, meritoriousness may also play
an important part in fostering the player’s behavior. At
last, the evolution of the hawkish behavior over time is
investigated by looking at how the players learn to play
from one round to another. With this design, we can
address the following research questions:

� Does possession trigger the establishment of prop-
erty? Does this favor an aggressive behavior?

� Does property induce more aggressive behaviors?
� Is merit important in establishing play-

ers’ behavior?
� Is there a dependence over time in play-

ers behavior?

In the data the outcomes of players’ decisions, i.e.
to play hawk or dove, are measured as binary longitu-
dinal hierarchical data: repeated measurements are
collected for players clustered into different groups.
Thus, an ad-hoc statistical modeling should be consid-
ered to properly account for all data features to pro-
vide adequate answers to the research questions
defined above.

As a general concern, when analyzing longitudinal
hierarchical data, there are several specific features
requiring attention in model building. In detail, the
effects of one or more covariates on the response vari-
able are often modeled in a regression framework, but
also (observed and latent) time-dependence hetero-
geneity sources at the different levels of the hierarchy
play a crucial role in data analysis, bearing in mind
that the interest may also be on the association among
repeated measurements. In this respect, we introduce
an adequate definition of the association structure dis-
tinguishing between true and apparent contagion, also
known as state dependence and heterogeneity, respect-
ively. In the former case, the probability of the occur-
rence of an event at the actual time is modeled as a
function of lagged (past) values, i.e. the observed pro-
cess has a first-order Markov property. The latter
case, instead, implies the existence of heterogeneous
subpopulations, whose behavior over time is generally
different. In practice, true contagion is modeled by
simply including the lagged outcome as an additional
covariate, and the apparent contagion is accounted for
by including, possibly time-varying, random effects in
the model specification (Aitkin & Alf�o, 1998, 2003;
Alf�o & Aitkin, 2000; Bianconcini & Bollen, 2018;
Fotouhi, 2005; Skrondal & Rabe-Hesketh, 2014). To
avoid misleading inference and interpretation, as a
consequence of the inconsistency of the maximum
likelihood estimators (Heckman, 1981), the depend-
ence between the (endogenous) initial conditions and
the random effects should be properly accounted for.

In detail, we develop a multilevel approach in
which the unobserved heterogeneity at the different
level of the hierarchy, i.e. unobserved players’ and
groups’ behaviors, is assumed discrete and modeled
through the inclusion of random effects (Aitkin, 1999;
Bartolucci & Farcomeni, 2009). As for all discrete ran-
dom effects models, the selection of the number of
the support points is a part of the model selection
process. This involves an additional burden, as models
with a varying number of support points are fitted
and compared in terms of the tradeoff between good-
ness of fit and parsimony. Nevertheless, the advan-
tages of this approach are clear. Just to mention a
few: the resulting model is a finite mixture (Aitkin,
1999) whose likelihood is computationally attractive
and feasible; there is no need to specify any (unverifi-
able) parametric assumptions about the random
effects distribution; the resulting components of the
finite mixtures can be interpreted as typical behaviors.
To account for the endogeneity of the initial condi-
tions and conduct proper inference, we introduce a

2 A. MARUOTTI ET AL.



modeling framework in a simple case of conditional
likelihood of observations given the initial conditions.
As a result, we allow for a change in the shape of the
random effects distribution, directly modeling the
effect of the initial conditions on the evolution of
behaviors. The observed measurements are modeled
through a generalized hierarchical linear mixed model.
For the maximum likelihood estimation of the pro-
posed model, we use an expectation-maximization
(EM)-based algorithm (Baum et al., 1970). Different
estimation methods and algorithms can be used to
provide parameter estimates (Bulla & Berzel, 2008),
also under the Bayesian paradigm (Ryd�en, 2008;
Zhang & Berhane, 2014; Zhang & Chang, 2020).

Several models are fitted and compared to properly
infer the observed and latent structures driving the
data. Starting from a simple model without covariates
to more complex multilevel models, allowing for true
and spurious contagion. The rest of the paper is as
follows. Section 2 describes the Hawk-and-Dove
experiment, along with the considered treatments. An
initial description and assessment of the data is pro-
vided to guide the reader into the collected data. In
Section 3, we introduce a novel methodology that can
be cast in the literature on multilevel modeling and
mixed hidden Markov models. The initial condition
problem is also briefly sketched and solutions pro-
posed. Section 4 is devoted to likelihood inference,
and some operational aspects are further discussed.
Section 5 discusses the obtained results with respect
to specific research questions and provides a compari-
son with other well-established approaches in a hid-
den Markov models setting. Conclusions and
comments are given in Section 6.

2. The Hawk-and-Dove game and
our experiment

The Hawk-and-Dove game was originally developed
by theoretical biologists to model how animals inter-
act when resources such as food or territory are scarce
(Maynard Smith & Parker, 1976) and later, by ana-
logy, it has also been used to study humans’ coordin-
ation in the establishment and respect of property
rights (Fabbri et al., 2021; Rose, 2013; Sugden, 1989,

2004; Waldron, 2013). Our study is situated within
this particular stream of the literature.

Let us however recall the game in its original fram-
ing where two animals face a situation in which they
can choose between playing the Hawk strategy or the
Dove strategy. For the sake of simplicity, we here
make direct reference to the payoffs used in our
experiment. Hawks fight aggressively for an asset of
value V¼ 50. However, if two Hawks meet, then the
escalation of the fight produces a cost C ¼ –25 for
both Hawks. Doves retreats from the fight if faced
with major escalation from an Hawk, thus obtaining a
payoff of zero, or they share the asset at some cost S
¼ –10 so that the overall payoff when a Dove meets
another Dove is 50=2� 10 ¼ 15, if it meets another
Dove. Table 1 illustrates the payoffs matrix for Player
1. Player 2 payoffs’ mirror the ones of Player 1.
Notice that in evolutionary biology, the value of pay-
offs is measured in units of fitness while when playing
with human participants, payoffs might be interpreted
as measuring monetary units.

It is well known that the standard one-shot Hawk-
and-Dove game has three Nash equilibria; two of
them are in pure strategies (one player plays Hawk
and the other player plays Dove and vice versa) and
are efficient as aggregate payoffs are always maximal.
There exists also a mixed strategy equilibrium where
participants play Hawk with some positive probability
which is instead inefficient because in some instances
both players play Hawk or both players play Dove
and this will result in nonmaximal payoffs. To under-
stand the dynamic of this game, we turn to evolution-
ary game theory and assume the game is played
repeatedly over time by players aiming at reproducing
themselves as much as possible and where the best
strategy is simply the one that over time survives nat-
ural selection. In this dynamic context, the payoff of
each of the two strategies clearly depends on how
many Hawks and Doves there are in the population.
A well known result of this theoretical literature is
that the only evolutionarily stable strategy (ESS) of
the Hawk-and-Dove game is the inefficient Nash equi-
librium in mixed strategies seen before that guarantees
that both populations of Hawks and Dove coexist but
also that costly fighting and inefficient sharing of
resources happens repeatedly. This is the state of
affairs unless some form of asymmetry between the
two players, which should be payoff-irrelevant is
introduced (Mesterton-Gibbons & Sherratt 2014). This
asymmetry can be any characteristic that clearly intro-
duces a distinction between players and assigns a
“role” to each of the two players. For instance, it

Table 1. The Hawk-and-Dove game: payoffs of Player 1.
Player 2

Hawk Dove

Player 1 Hawk –25 50
Dove 0 15

MULTIVARIATE BEHAVIORAL RESEARCH 3



could be the distinction between whoever has the lon-
ger thumb (Eshel, 2005) or whoever is assigned a
given colored label. Possession is such an asymmetry
as one player may start the Hawk-and-Dove game ini-
tially controlling the asset, therefore playing with the
role of possessor versus the other player being the
intruder. Once such an asymmetry is present, the par-
ticipants can exploit this additional information to
coordinate on one of the two efficient equilibria; for
instance, by establishing that the possessor plays
Hawk, while the intruder plays Dove. Indeed, the
strategy whereby the possessor plays Hawk while the
intruder plays Dove is known in the literature as the
bourgeois strategy and the standard theory shows that
this strategy becomes an ESS and trumps the previous
mixed strategy equilibrium (Sherratt & Mesterton-
Gibbons, 2015). The introduction of the bourgeois
strategy in the Hawk-and-Dove game provides a
powerful and elegant model to stylize persistent obser-
vations of animal behavior such as the display of terri-
toriality (Kokko et al., 2006) and the respect for
other’s property often observed in humans (Fabbri &
Dari-Mattiacci, in press; Faillo et al., 2019). The
Hawk-and-Dove game in fact shows that property
behavior may emerge from the bottom up, as partici-
pants may simply find it efficient to respect each
others’ possessions rather than being the result of a
top-down state driven imposition of third-party
enforced property rights.

The Hawk-and-Dove game has been widely tested
with experiments involving animals (Kokko et al.,
2006), however there are surprisingly very few experi-
ments involving human beings (Berninghaus et al.,
2012; McAdams & Nadler, 2005; Neugebauer et al.,
2008; Oprea et al., 2011). None of these articles stud-
ies the role of possession in explaining the choice of
the Hawk strategy by players.

2.1. Experimental design

In our experiment, players interact in groups of six
over ten rounds. In each round, three pairs are ran-
domly matched and the matching is unknown to the
players. Each player participates to two distinct activ-
ities. In the first part of each round, the asymmetry
between players is introduced, whereas in the second

part the two players play the Hawk-and-Dove game.
The payoff matrix of the game is described in Table 1.
The payoffs are expressed in Experimental Currency
Units (ECU) and exchanged to euro at the end of the
experiment at the rate of 50 ECU ¼ 1 Euro.
Participants begin the experiment with an initial
endowment of roughly 300 ECU (the exact amount
varies depending on the specific procedures of each
treatment). As it is common in experimental econom-
ics, payoffs are calibrated so that the average payment
to participants is roughly commensurable with the
hourly wage of a nonspecialized worker. Indeed,
experimental participants earned on average 14 Euro
for an average duration of 70min. One may wonder
whether the results of the experiment may depend on
the scale of payoffs. While it has been proven to be
largely irrelevant for the experimental results in other
paradigmatic games (Abeler et al., 2019; Larney et al.,
2019) whether our results are robust to several-fold
increases in the payoffs is an open question that only
further experiments can definitely answer.

As said before, in each round there are two parts:
in the first part the asymmetry between players is
introduced whereas in the second part players play
the Hawk-and-Dove game. Although this second part
is the same for all sessions of the experiment, the first
part varies and it is here where we introduce our
treatment manipulation.

2.2. Experimental treatments and procedures

Our experimental manipulation occurs along two
main dimensions. In the first dimension, we change
whether the asymmetry is either possessory or colored.
If there is possession, before starting one of the two
players is given a claim to the asset and thus the other
player is a potential intruder. In the non-possessory
treatments instead, a different color is assigned to
each of the two players. The second dimension con-
cerns whether the assignment of roles (being the pos-
sessor or having a certain color) occurs as a result of
a procedure based on luck (a random draw) or on
merit (a pregame where players can display their
skills). We thus define the asymmetry either arbitrary
or meritorious.

In total there are five treatments, see Table 2. The
possessory treatments mimic some ways of acquiring
property typically found in property law such as Gift,
Labor, and Treasure Trove.

In the Gift treatment, 50 tokens are randomly
assigned to one player as windfall money while the

Table 2. Main characteristics of the considered treatments.
Treatment Type of information Process of acquisition

Gift Possessory Arbitrary
Labor Possessory Meritorious
Treasure Trove Possessory Meritorious
Lucky Red Colored Arbitrary
Master Red Colored Meritorius
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other player gets nothing. The asymmetry is thus pos-
sessory and arbitrary.

In the Labor treatment, participants undertake the
same effort task as in the study by Gill and Prowse
(2012): each participant must set the cursors of as
many sliders as possible in a given time. In each
pair, the player that correctly sets the largest number
of cursors becomes the possessor of the 50 tokens.
In this case, thus, the asymmetry is therefore posses-
sory and meritorious. This activity, which does not
require any particular ability or knowledge, is well
suited for inducing participants to associate their
possession to the intensity of their effort. In this
way, this treatment mimics labor as a universally
accepted mechanism of property acquisition (Henry,
1999; Locke, 1980).

In the Treasure Trove treatment, players take part
to a treasure trove contest in order to gain control of
50 tokens before playing the Hawk-and-Dove game.
Each player sees on screen the same 25 tiles which
can be turned. Behind one of them a 50-token treas-
ure is hidden and whoever registers the trove first
gains possession. In this case, the asymmetry is thus
again possessory and meritorious.

In the colored treatments, participants are no lon-
ger differentiated by being possessor/intruder; instead
they are identified by either being Red or Blue, as in
the study by Hargreaves-Heap and Varoufakis (2002),

In the Lucky Red treatment, the labels Red and
Blue are assigned randomly at the beginning of each
round. Notice that before the beginning of the Hawk-
and-Dove experiment, nobody possesses the
50 tokens.

In the Master Red treatment, players take part to a
treasure trove as in the Treasure Trove treatment. The
difference lays in the fact that whoever registers the
trove first gets the color Red (Blue) and not posses-
sion. Notice that before the beginning of the contest
nobody possesses the 50 tokens.

We conducted different sessions in the lab involv-
ing 474 participants clustered into 79 groups. The
experiment was digitalized using Z-tree (Fischbacher,
2007). Most of the participants were graduate and
undergraduate students from LUISS University
recruited via ORSEE (Greiner, 2015). Instructions
were publicly announced to ensure common know-
ledge and control questions were casted to line up
players’ understanding of the experiment. A question-
naire on socio-demographic characteristics was col-
lected at the end of the experiment. Participants were
forbidden to communicate throughout the experiment.
No missing values are reported.

2.3. Data description

A preliminary assessment of the behavior of the
groups in playing hawk is described in Figure 1. We
categorize the number of hawks in each group at
each round into three categories to simplify data
visualization: [0–1], [2–4], and [5–6] hawk-players. It
is rather evident that the [0–1] category is rather
rare, i.e. not many players decide to behave like
doves. As expected, the [2–4] category is observed
for large part of the groups and periods, i.e players
are equally divided by those who play hawk and
those who play dove. It is possible to identify groups
whose behavior is rather constant over time; hetero-
geneity in groups’ behaviors can also be inferred.
Something can be said about the dynamics of
groups’ behaviors, by looking at the empirical transi-
tion matrix, i.e. at the frequencies of moving
between the three categories ½0� 1�, ½2� 4�, ½5� 6�:
Persistence is not the norm for two of the three cat-
egories. If a small number of players ([0–1]) played
hawk at time t, at time tþ 1 such a number would
likely increase to [2–4] with probability 0.82 and,
rarely, to [5–6] (only in the 2% of the cases).
Similarly, if a large number of players played hawk
at time t, it is likely that this number decreases at
time tþ 1 passing to [2–4] or, rarely, to [0–1]. The
mid category is the persistent one with the 76% of
cases that the same number of aggressive behaviors
is observed at two consecutive times. What is also
rather clear is that it is more likely to pass from
[2–4] to [5–6] rather than [0–1], as indication that
the aggressive hawk behaviors are often preferred.

Aggressive behaviors may depend on several fac-
tors. A small increase in the overall aggressive behav-
ior is observed, but significant differences are
observed between possessor and intruder players (see
Figure 2). Participants owning the experimental
tokens are more likely to defend them and, accord-
ingly, they are more likely to play hawk. More than
60% of the owners tend to play hawk, with peaks
close to the 70%. Interestingly, for intruder players
the percentage of players playing hawk is also rather
high, and above 50%, suggesting that, on average, the
hawk behavior is preferred to the dove one.

We further expect that the asymmetry introduced
by the treatments would also play a role in players’
behavior. Figure 3 shows the percentage of hawks by
treatment. Differences can be observed among treat-
ments, though the observed variability, quite high at
the beginning of the experiment, tends to decrease
over time.
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3. Modeling

3.1. The multilevel hidden Markov model

The structure of the data considered in this article is
as follows: we observe a certain number of players
performing in an Hawk-and-Dove game, interacting
within playing groups. A clear hierarchy can be easily
detected in the data structure and different sources of
(time-varying and time-constant) heterogeneity should
be tackled at the different levels of the hierarchy.

Formally, the response variable, i.e. playing hawk,
Yntg assumes two values only, {0,1}, and is observed
on N (n ¼ 1, 2, :::,Ng) individuals clustered into G
(g ¼ 1, 2, :::,G) groups at Tn (t ¼ 1, 2, :::,Tn) occa-
sions. Since repeated measurements belonging to the
same player assigned to a specific group are likely to
be correlated, a modeling framework accounting such
dependence structure should be specified, for valid
inferences. A natural way to account for correlated
measurements is via multilevel random effects models,
as they provide a flexible way to deal with complex
data structures. We assume that, conditionally on a
set of available exogenous player-specific covariates

xntg ¼ fxntg1, :::, xntgPg, the responses are generated by
combining individual- and group-specific random
components. The individual-specific random compo-
nent is specified by an array b ¼ fb1, :::, bNg of N
time-dependent trajectories, with bn ¼ fbn1, :::, bnTng,
following a distribution pðbÞ: The group-specific ran-
dom component is, instead, specified by a time-con-
stant random effect vg, independent of bn, following a
certain distribution pðvÞ ¼ pðv1, :::, vGÞ:

A crucial assumption, common to most of the
multilevel random effects models, is that the outcomes
are conditionally independent given the players- and
the group-specific random effects. Accordingly, the
conditional distribution of pðyjb, vÞ is given by

pðyjb, vÞ ¼
YG
g¼1

YNg

n¼1

YTn

t¼1

pðyntg jb, vÞ:

Under these assumptions, we have that

pðy, b, vÞ ¼
YG
g¼1

pðvgÞ
YNg

n¼1

pðbnÞ
YTn

t¼1

pðyntg jbn, vgÞ (1)

is fully specified by defining

Figure 1. Number of players playing hawk over rounds per group.
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a. the conditional distribution of the response vari-
able given covariates and random effects,

b. the distribution of the group-specific random
effects and

c. the distribution of the individual-specific trajecto-
ries of random effects.

We assume that

Yntg � BernoulliðkntgÞ
where

log
kntg

1� kntg

 !
¼ x0ntgbþ aynðt�1Þg þ vg þ bnt (2)

where b is a vector of regression coefficients and a is
the regression coefficient associated to the lagged
response, introduced to account for true contagion.

To allow for enough flexibility to model the distri-
butions of the random terms with multiple modes
and/or deviations for the Gaussian distribution (often
taken for granted under the multilevel framework), we
introduce discrete random effects, whose distributions
have a finite number of mass points, in line with the
nonparametric maximum likelihood principle (see e.g.
Aitkin, 1999). Accordingly, the group-level random
effects vg are independently drawn for each group
from a discrete distribution, say

vg � pMðv;pÞ (3)

where pMðv; pÞ depends on a vector of M support
points v ¼ ðv1, :::, vMÞ with mass probabilities p ¼
ðp1, :::, pMÞ: At the player level, the random effects are

time-varying and follow a first-order finite-state
Markov chain with state-space B ¼ ðb1, :::, bKÞ: The
parameters identifying the Markov chain are the ini-
tial distribution d ¼ ðd1, :::, dKÞ, dk ¼ Prðbn1 ¼ bkÞ,
and a K�K transition probability matrix Q whose
elements are given by qnthk ¼ Prðbnt ¼ bkjbnðt�1Þ ¼
bhÞ, t > 1; h, k ¼ 1, 2, :::,K;

PK
h¼1 qnthk ¼ 1:

Homogeneous chains with qnthk ¼ qhk are the starting
point of any analyses, but extensions to nonhomoge-
neous chains are trivial, and require minor efforts
under our setting. Formally,

bn � pKðb; d,QÞ: (4)

Bearing in mind that this model can be also cast in
the literature on the mixed hidden Markov models
(Altman, 2007; de Haan-Rietdijk et al., 2017;
Maruotti, 2011; Maruotti & Ryd�en, 2009) and is
related to the approaches introduced by Marino and
Alf�o (2020); Bartolucci et al. (2014); Bartolucci and
Lupparelli (2016); Leos-Barajas et al. (2017); DeRuiter
et al. (2017); Montanari et al. (2018); Adam et al.
(2019); Zhang and Chang (2020), this model includes
some popular approaches to longitudinal data analysis
as particular cases, see e.g. Lagona et al. (2015) for a
brief discussion.

3.2. The initial conditions problem and the
conditional approach

The joint distribution of the observed responses for
player n, given the group-specific random effect vg is
given by

Figure 2. Percentage of players playing hawk over rounds,
possessor vs. intruder players.

Figure 3. Percentage of players playing hawk over rounds
by treatment.
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pðyn1g , :::, ynTng jvgÞ ¼
X
bn

pKðbn; d,QÞpðyn1g jbn1, vgÞ

YTn

t¼2

pðyntg jynðt�1Þg , bnt, vgÞ

(5)

where
P

bn extended to all the possible configurations
of bn.

Nevertheless, Equation (5) is not determined from
the model assumptions since the distribution
pðyn1g jbn1, vgÞ is not specified from the model and the
full likelihood is not available. Inference can be highly
sensitive to misspecifcation of pðyn1g jbn1, vgÞ: An alter-
native is to estimate regression parameters by maxi-
mizing the likelihood conditional on the first outcome
Yn1g , i.e. considering the distribution of
pðyn2g , :::, ynTg jyn1gÞ :

pðyn2g , :::, ynTng jyn1g , vgÞ

¼
X
b

pKðbn, d,QÞ
YTn

t¼2

pðyntg jynðt�1Þg , bnt , vgÞ: (6)

Bearing in mind that bn is a player-specific effect
shared by all player n’s outcomes, and as well by
Yn1g , bn and Yn1g cannot be assumed independent. If
independence is assumed, the resulting estimator is
inconsistent because the initial response at time t¼ 1
is treated as exogenous, while it is clearly endogenous,
giving rise to the initial conditions problem.

The basic idea is to re-express the conditional
model we are dealing with by allowing for the
dependence between Yn1g and bn. The underlying
hypothesis is that the influence of Yn1g on bn can be
fully modeled as a change in the location and shape
of bn. Following Wooldridge (2005) and Aitkin and
Alf�o (2003), let us assume that

bn ¼ b�n þ E bnjyn1g
� �

(7)

where

E bnjYn1g
� � ¼ ~ayn1g :

Then, Equation (2) can be rewritten as

log
kntg

1� kntg

 !
¼ x0ntgbþ aynðt�1Þg þ ~ayn1g þ vg þ bnt:

(8)

In the following, without loss of generality, we will
drop the superscript � and refer to b�n as bn.

Furthermore, we allow for a more general change in
the shape of the player-specific random effects bn, i.e.
we assume that Yn1g affects the Markov chain parame-
ters as well. Accordingly, we rewrite expression (6):

pðyn2g , :::, ynTng jyn1g , vgÞ ¼
X
b

pKðbnjyn1g , dyn1g ,Qyn1g Þ
YT
t¼2

pðyntg jynðt�1Þg , yn1g , bnt , vgÞ:

(9)

where the conditional distribution
pKðbnjyn1g ; dyn1g ,Qyn1g Þ is different from pKðbn; d,QÞ:
In detail, such a dependence on Yn1g leads to

dnk ¼ Prðbn2 ¼ bkjyn1gÞ ¼
exp ðc0k þ c1kyn1gÞPK
h¼1 exp ðc0h þ c1hyn1gÞ

(10)

and similarly we link the initial outcome and the
entries of the transition probability matrix

qnhk ¼ Prðbnt ¼ bkjbnðt�1Þ ¼ bh, yn1gÞ

¼ exp ð/0hk þ /1hkyn1gÞPK
k¼1 exp ð/0hk þ /1hkyn1gÞ

(11)

Participants do not share the same latent structure,
except if they have the same value of yn1g : Indeed, dif-
ferent homogeneous (over time) Markov chains have
been defined conditionally on yn1g :

4. Maximum likelihood estimation

The multilevel logistic model illustrated in Sections
3.1 and 3.2 depends on a vector h of parameters that
includes four components:

a. the fixed effects b and a ¼ fa, ~ag;
b. the locations of the time-constant group-specific

random effects ðv1, :::, vmÞ and the related proba-
bilities pM of the random effects distribution at
the group level;

c. the locations of the time-varying player-specific
random effects ðb1, :::, bKÞ of the time-varying
random effects;

d. the fixed effects c and / related to the initial
probabilities collected in dyn1g and the transition
probabilities collected in Qyn1g , respectively.

The maximum likelihood estimate of h is the
maximum point of the conditional likelihood
function

Lðhjy1Þ ¼
YG
g¼1

X
v

pMðv; pÞ
YNg

n¼1

X
b

pKðb; dyn1g ,Qyn1g Þ

YTn

t¼2

pðyntg jynðt�1Þg , yn1g , bnt , vg ; b, aÞ (12)

8 A. MARUOTTI ET AL.



The conditional likelihood (12) can be efficiently
computed by an extension of the forward recursion
(Bartolucci et al., 2013; Zucchini et al., 2016). To find
maximum likelihood estimates, we implement a ver-
sion the EM algorithm, which has a long tradition of
use in the hidden Markov models (HMM) literature;
though numerical maximization could be used instead
(MacDonald, 2014).

The algorithm is applied to the so-called complete-
data log-likelihood function, where the player-specific
hidden states and group-specific latent groups mem-
berships are unknown, defined as

‘cðhjy1Þ ¼
¼
XG
g¼1

XM
m¼1

ggm log ðpmÞ (13)

þ
XN
n¼1

XK
k¼1

nn2k log ðdnkÞ (14)

þ
XN
n¼1

XK
k¼1

XK
h¼1

XTn

t¼3

fnthk log ðqnhkÞ (15)

þ
XG
g¼1

XM
m¼1

XK
k¼1

XN
n¼1

XTn

t¼2

ggmnntk log ðpðyntg jynðt�1Þg , yn1gbnt , vg ; b, aÞ (16)

where the variable ggm ¼ Iðvg ¼ vmÞ is an indicator
variable equal to 1 if group g is clustered in cluster m,
fnthk ¼ Iðbnt ¼ bk, bnðt�1Þ ¼ bhÞ is an indicator variable
equal to 1 if player n belongs to state h at time t� 1
and to state k at time t, and nntk ¼ Iðbnt ¼ bkÞ equals
1 if player n at time t belongs to state k and
0 otherwise.

At the E-step, the indicator variables ggm, nntk, and
fnthk are replaced by their conditional expectations,
given the observed data and the current value of the
parameters. These conditional expectations can be
straightforwardly obtained as a by-product of the for-
ward–backward recursion following the procedure
introduced in the mixed hidden Markov model litera-
ture (Maruotti, 2011). In the M-step, the conditional
expected values of terms (13)–(16) are maximized sep-
arately. In particular, at iteration rþ 1, the maximum
with respect to pm has a closed form solution

pðrþ1Þ
m ¼

PG
g¼1Eðggmjy, hðrÞÞ

G
:

The maximum with respect to dnk and qnhk is
obtained as solutions of the following M-step equa-
tions, respectively,

XN
n¼1

XK
k¼1

Eðnn2kjy, hðrÞÞ
@ log ðdnkÞ

@ck
¼ 0 (17)

and

XN
n¼1

XTn

t¼3

XK
k¼1

Eðfnthkjy, hðrÞÞ
@ log ðqnhkÞ

@/h
¼ 0 (18)

which are weighted sums of K equations with weights
Eðnn2kjy, hðrÞÞ and Eðfnthkjy, hðrÞÞ, see also Maruotti
and Rocci (2012). Similarly, denoting with h� ¼
fb, a, b, vg the parameters of the state-dependent dis-
tribution, we obtain the updated estimates of h�, solv-
ing the following equation

XG
g¼1

XM
m¼1

XK
k¼1

XNg

n¼1

XTn

t¼1

Eðggmjy, hðrÞÞEðnntkjy, hðrÞÞ

log pðyntg jynðt�1Þg , yn1g , bnt , vg ; b, aÞ ¼ 0:

The E- and M-steps are alternated repeatedly until
the difference of the log-likelihoods at two consecutive
iterations changes by an arbitrarily small amount that,
in the current application, is 10�4, as also suggested
by Bulla and Berzel (2008).

4.1. Initialization of the algorithm, computational
strategies, and model selection

The proposed multilevel HMMs share some common
problems with several model-based clustering models.
The likelihood equation will likely have multiple roots
corresponding to local maxima, and the algorithms
should be applied from a wide choice of starting val-
ues in any search for the maximum, aiming at exclud-
ing the so-called spurious maxima. Maruotti and
Punzo (in press) discuss and critically evaluate several
initialization strategies. Here, we follow a random
start short-run strategy. In practice, the EM algorithm
is run from a number of random initializations, and
stopped without waiting for full convergence, i.e.
when the log-likelihoods at two consecutive iterations
differ less than 10�2:Then the parameters correspond-
ing to the maximum among these short-run likeli-
hoods are used to initialize the long-run
EM algorithm.

A major drawback of the EM algorithm concerns
the computation of the uncertainty surrounding the
estimates. Thus, to obtain standard errors, we con-
sider a parametric bootstrap approach. The approxi-
mate standard error of each model parameter is then
computed. This method can be summarized as fol-
lows. We fit the model, then generate a sample of
observations from the fitted model (with the same
sample size of the original data set and fixed covari-
ates). The random effects are drawn from a discrete
time-varying distribution at the player-level and
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another discrete distribution at the group-level,
according to the estimated random intercepts and the
hidden/latent parameters. We then estimate the
parameters for the bootstrap sample and repeat this
procedure a large number of times (200 times in the
considered empirical application) and record the val-
ues of the parameter estimates for each bootstrap
sample. Afterward, we estimate the covariance matrix
by the sample covariance matrix of the bootstrap esti-
mates. Visser et al. (2000) investigate the reliable esti-
mation of confidence bands in the context of HMMs
and recommend bootstrap-based techniques, see also
Cl�emençon et al. (2009).

Finally, we provide an idea of the computational
burden required by our EM algorithm to achieve con-
vergence. The code is written in R (R Core Team
2019). The elapsed time to fit a multilevel HMM with
the lagged outcome, treatments, gender, age, total
profit, and initial conditions as covariates, as described
in Section 3.2, and player- and group-specific random
effects is 127.76 s. Computation is performed on a
Windows 10 PC, with Intel i7-1065G7 CPU 1.50GHz,
16.0GB RAM, using R 64 bit, and the elapsed time is
computed via the proc.time() function of the
base package.

A crucial aspect of the real data analysis deals with
model selection, i.e. with the choice of the number of
hidden states K and mixture components M. We fit
models with a varying number of K ¼ f2, 3, 4g and
M¼ 2, as we have noticed overfitting for greater
values of M. Classical information criteria based on
log-likelihood penalizations are adopted for order
selection, like the Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC) criteria (see
e.g. Pohle et al., 2017, for a discussion).

To avoid the multinomial regressions defined by
Equations (17) and (18), we could exploit the binary
nature of the initial conditions, following the lines
described by Maruotti (2015). Let N0 ¼ fn : Yn1g ¼
0; n ¼ 1, :::,Ng and N1 ¼ fn : Yn1g ¼ 1; n ¼ 1, :::,Ng
be the subsets of the N individuals having respectively
Yn1g ¼ 0 and Yn1g ¼ 1,
with jN0j þ jN1j ¼ n0 þ n1 ¼ N:

The likelihood then can be written as

Lðhjy1Þ ¼
YG
g¼1

X
v

pMðv; pÞ

Y
n2N0

X
b

pKðb; dyn1g¼0,Qyn1g¼0Þ
YTn

t¼2

pðyntg jynðt�1Þg , yn1g ,

8<
:

bnt , vg ; b, aÞ
Y
n2N1

X
b

pKðb; dyn1g¼1,Qyn1g¼1Þ

YTn

t¼2

pðyntg jynðt�1Þg , yn1g , bnt, vg ; b, aÞg:

Differentiating the previous equation with respect
to hidden chain parameters under the constraints and
equating to zero the corresponding derivatives, the M-
step reduces to

dðmþ1Þ
nk;yn1g¼i ¼

X
n2Ni

nn2k;yn1g¼i

ni
; i ¼ 0; 1

and

qðmþ1Þ
nthk, yn1g¼i ¼

X
n2Ni

fnthk, yn1g¼iP
k fnthk, yn1g¼i

; i ¼ 0; 1:

5. Results

In this section, we illustrate the results obtained from
the proposed approach to the dataset about players
behavior in the Hawk-and-Dove game described in
Section 2. We fitted, and compared, several models in
terms of penalized likelihood criteria, namely:

� Model 1: a simple HMM, with no covariates;
� Model 2: an HMM with treatments, gender, age,

and total profit as covariates;
� Model 3: an HMM with the lagged outcome, treat-

ments, gender, age and total profit as covariates;
� Model 4: an HMM with the lagged outcome, treat-

ments, gender, age, and total profit as covariates,
and initial conditions included in the model as
described in Section 3.2;

� Model 5: a multilevel HMM with the lagged out-
come, treatments, gender, age, and total profit as
covariates, initial conditions included in the model
as described in Section 3.2 and group-specific ran-
dom effects.

All models are fitted for K ¼ f2, 3, 4g, Table 3 dis-
plays the log-likelihoods with the number of parame-
ters and the values attained by the AIC and BIC
criteria. According to both criteria, the multilevel
model is chosen, confirming the adequacy of the pro-
posed approach for the data at hand.

The estimates of the parameters under the selected
models are reported in Table 4.

Regression parameters associated to the considered
covariates are rather consistent across the models and
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allow to draw some conclusions. First, the Gift and
Treasure Trove treatments do not differ from Labor,
that is taken as reference treatment. So, players behav-
ior does not change over different possessory treat-
ments. The Lucky Red and Master Red treatments,
instead, increase the probability of playing hawk. This
is a clear indication that introducing asymmetry
clearly affects behaviors. In particular, more aggressive
behaviors arise when none of the players possess the
tokens, i.e. under non-possessory treatments Lucky
Red and Master Red rather than under possessory

treatments. At the same time, owning the tokens is
one of the main driving variables for playing hawk,
i.e. also property makes the difference in players’
behavior. Accordingly, we notice that if a resource
(i.e. the tokens) is freely available players are more
incline to fight, i.e. playing hawk, but this is also true
that if the property is clearly defined, the possessor
would likely defend it.

The probability of playing hawk is smaller if play-
ers are aware that the tokens are assigned to any of
the players, as a form of respect between players. In
some sense, possession-related treatments indicate a
coordinating system. This is in line with the so-called
bourgeois strategy (Maynard Smith & Parker, 1976):
respect others’ belongings and expect others to respect
theirs. At the same time it is possible to estimate a
significant difference between merit and non-merit
treatments. In the Treasure Trove treatment, the prob-
ability of playing hawk is higher than in the Gift treat-
ment, where the possession is a manna from heaven
and no merit causes the possession. In practice, if a
player does nothing to merit the possession, then he/
she less likely would play hawk. Interestingly, the total
amount of ECUs also plays a role. The highest the
total profit the more likely the hawk strategy is. Thus,
people are more likely to accept a defection and lose
some ECUs, once they have some.

Looking at players’ behavior over time, true conta-
gion plays a minor role. Previous choices have only a
small effect on current ones, in particular with respect
to the role played by treatments and property varia-
bles. Nevertheless, the choice at the baseline has a
great impact on all future choices. A hawk behavior
at t¼ 1 very likely leads to a hawk behavior at

Table 4. Regression estimates from fitting different hidden Markov models (standard errors in brackets).
Variable/Parameter Model 1 Model 2 Model 3 Model 4 Model 5

Fixed effects
Intercept (b0) 0.604 (0.164) 0.193 (0.330) 0.166 (0.335) –1.928 (0.377) –2.186 (0.397)
Labor Reference treatment
Lucky Red (b1) – 0.385 (0.169) 0.395 (0.171) 0.406 (0.121) 0.465 (0.122)
Gift (b2) – –0.194 (0.184) –0.202 (0.186) –0.201 (0.114) –0.175 (0.114)
Treasure Trove (b3) – 0.162 (0.172) 0.168 (0.175) 0.147 (0.116) 0.150 (0.117)
Master Red (b4) – 0.319 (0.168) 0.324 (0.170) 0.350 (0.118) 0.370 (0.118)
Possessor (b5) – 0.884(0.104) 0.893 (0.105) 0.833 (0.093) 0.825 (0.093)
Male (b6) – 0.016 (0.108) 0.014 (0.110) –0.030 (0.071) 0.010 (0.071)
Age (b7) – –0.002 (0.023) –0.002 (0.024) 0.022 (0.016) 0.027 (0.016)
ECUs (b8) – 0.002 (0.001) 0.002 (0.001) 0.002 (0.001) 0.002 (0.001)
Lag-outcome (a) – – –0.046 (0.100) 0.069 (0.073) 0.070 (0.038)
Initial conditions (~a) – – – 2.685 (0.136) 2.852 (0.146)
Subject-specific random effects
bnt ¼ b1 –2.390 –2.726 –2.801 –1.394 –1.438
bnt ¼ b2 –0.272 –0.268 –0.281 1.245 1.293
bnt ¼ b3 3.345 3.095 3.088 – –
Group-specific random effects
vg ¼ v1 – – – – –0.165
vg ¼ v2 – – – – 0.273

Table 3. Results from fitting different hidden Markov models
with different values of K.
Model 1

‘ K M No. parameters AIC BIC

–2,753.576 2 5 5,517.153 5,537.959
–2,706.514 3 10 5,433.641 5,474.641
–2,706.388 4 17 5,447.776 5,517.517
Model 2
‘ K M No. parameters AIC BIC
–2,711.410 2 14 5,448.820 5,502.916
–2,659.211 3 18 5,354.421 5,429.323
–2,659.210 4 25 5,368.440 5,472.470
Model 3
‘ K M No. parameters AIC BIC
–2,706.880 2 14 5,441.761 5,500.018
–2,659.600 3 19 5,357.200 5,436.263
–2,659.430 4 26 5,370.860 5,479.051
Model 4
‘ K M No. parameters AIC BIC
–2,611.315 2 17 5,256.631 5,327.371
–2,603.098 3 28 5,262.196 5,378.710
–2,599.846 4 43 5,285.693 5,464.625
Model 5
‘ K M No. parameters AIC BIC
–2,281.686 2 2 20 4,603.372 4,686.596
–2,277.936 3 2 32 4,619.872 4,753.031
–2,277.935 4 2 49 4,651.870 4,851.608

The maximum log-likelihood of each model is denoted by ‘: Bold values
indicates the lowest AIC and BIC values.
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subsequent times, indicating persistence of behaviors,
not due to the way players play over time, but rather
on an initial attitude.

Heterogeneity arises at both levels of the hier-
archy. In the following, we comment only on the
multilevel model Model 5. For the multilevel model,
Model 5, estimates of the hidden Markov chain and
mixture parameters are reported in Table 5. Two
states and two components are estimated at the
player and group levels, respectively. The locations of
the state- and component-specific random effects
represent the propensity of playing hawk at the
player and group levels, respectively. States represent
two different players, more or less aggressive, behav-
iors, and mixture component different ways group
coordination. In State 1 (bnt ¼ b1 ¼ �1:438), players
are less likely to play hawk, while State 2
(bnt ¼ b2 ¼ 1:293) clusters more aggressive attitudes.
The two states are well separated, and as expected
they communicate rarely (see the transition matrices
in Table 5). So the behaviors at the player level are
well identified and characterized by strong persist-
ence over time. The group effects have lower impacts
on the probability of playing hawk, as the estimated
locations vg ¼ v1 ¼ �0:165 and vg ¼ v2 ¼ 0:273 have
smaller magnitude than their player counterpart. It
deserves to be mentioned that around p1 � 100 ¼
62:4% of the groups (i.e. those clustered in the first
mixture component) show a propensity to sharing,
further reducing the probability of playing hawk. For
the other groups, a small, rather marginal, effect is
estimated; and this does not deserve to be fur-
ther discussed.

At last, it is rather interesting to notice that the ini-
tial conditions affect only the probability of being
clustered in one of the two states at t¼ 2, but not the
transition probability matrix. A more parsimonious
model could be then considered (see e.g. Bartolucci &
Farcomeni, 2009), by allowing the initial conditions to
change the location and the initial probabilities of the
random effects only.

6. Conclusions

In this work, we introduce a multilevel hidden
Markov model to handle different sources of hetero-
geneity in a Hawk-and-Dove longitudinal experiment.
The proposed approach is able to distinguish between
player- and group-specific heterogeneity accounting
for the dynamics of the players behavior considering
an autoregressive model nested into a hidden Markov
chain, disentangling between true and spurious conta-
gion. The parameters are estimated in a maximum
likelihood framework and the implementation of the
EM algorithm is not cumbersome, though it involves
a large number of quantities to be estimated.

From a pure empirical perspective, the Hawk–Dove
game has received very limited attention by experi-
mental researchers and, to our knowledge, it has never
been studied in the lab by introducing asymmetric
information on possession. In our experiment, we
manipulate on the one hand the type of asymmetry
provided and we, further, manipulate the process of
acquisition, that is to say whether the role of possessor
player is acquired arbitrarily or meritoriously.

Our experimental results show that hawk behaviors
are likely to be player-driven rather than group-driven
and can be affected by treatment manipulation.
Differences are estimated in the probability of playing
hawk for the different treatments, but observed and
unobserved player-specific characteristics play a
major role.

Of course the proposed model could be extended
allowing for time-varying heterogeneity at the group
level, but the results show that the impact of groups
on the probability of playing hawk is rather marginal,
given the player characteristics. Moreover, including a
further Markov chain at the group level would consid-
erably increase the computational burden involved in
the estimation step and requires more sophisticated
and time-consuming algorithms (see e.g. Bartolucci &
Lupparelli, 2016). Similarly, we may allow some or all
regression parameters to vary across states, increasing
the flexibility of the model at the price of a higher
number of parameters to be estimated.

A crucial implicit assumption of the proposed
approach relates to the sojourn distribution, i.e. the
time spent in each hidden state; by construction, the
sojourn distribution is geometric. This assumption
could be easily relaxed allowing for an arbitrary
sojourn distribution, parametrizing the model in the
fashion of Langrock and Zucchini (2011). The pro-
posed approach is rather flexible and accounts for sev-
eral data features, but it somehow belongs to the
family of generalized linear mixed models. This also

Table 5. Estimates of the hidden Markov chain and mixture
parameters for Model5.
Parameters

p ¼ p1
p2

� �
0:624
0:376

� �
Initial conditions
yn1 ¼ 0 yn1 ¼ 1

d ¼ d1
d2

� �
0:149
0:851

� �
0:683
0:317

� �

Q ¼ q11 q12
q21 q22

� �
0:999 0:001
0:010 0:990

� �
1:000 0:000
0:034 0:966

� �
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could be extended allowing for hidden Markov gener-
alized additive models (Langrock et al., 2017).

We would like to further remark that the proposed
approach can be easily extended to deal with missing
values. If the missing process is at random, minor
modifications of the likelihood computation are
required, see e.g. Section 2.3.4 in Zucchini et al.
(2016) for the time series case. Dealing with missing-
not-at-random values is a bit more complex. Several
approaches are proposed in the literature (Bartolucci
& Farcomeni, 2019; Cai et al., 2018; Marino et al.,
2018; Marino & Alf�o, 2020). The pattern mixture,
conditional approach by Maruotti (2015) can be easily
cast in the current setting with minor efforts.

At last, as noticed by a reviewer, whereas the model
proposed assumes that observations are conditionally
independent given the group-level and subject-level
random effects, observations are collected in pairs
(three pairs of participants per group). Dyads consti-
tute a special case of hierarchically structured data
with variation at both the individual and dyadic level.
Therefore, certain degree of correlation could be
expected between the observations of dyads of partici-
pants playing the game at a given time t. This would
represent a deviation from the assumption of inde-
pendence of observation given the groups’ and the
subjects’ random effects. McMahon et al. (2006);
Kenny and Kashy (2010); Wickham and Macia (2019)
discuss multilevel models including a dyad random
effect too. Our analysis ignores dyad effects and do
not account for inter-dyad correlation; as a possible
consequence, the variability of the regression parame-
ters may be understated. This should be investigated
with an ad-hoc Monte Carlo simulation study.
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