N
N

N

HAL

open science

From homo-oceconomicus to non-human primate: three

case studies on the cognitive micro-foundations of

economics

Aurélien Nioche

» To cite this version:

Aurélien Nioche. From homo-ceconomicus to non-human primate : three case studies on the cognitive
micro-foundations of economics. Economics and Finance. Sorbonne Université, 2018. English. NNT':

2018SORUS361 . tel-02865426v1

HAL Id: tel-02865426
https://theses.hal.science/tel-02865426v1

Submitted on 11 Jun 2020 (v1), last revised 11 Jun 2020 (v2)

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://theses.hal.science/tel-02865426v1
https://hal.archives-ouvertes.fr

From homo-ceconomicus to non-human primate:
Three case studies on the cognitive
micro-foundations of economics

THESIS SUBMITTED FOR THE DEGREE OF DOCTOR OF PHILOSOPHY OF

SORBONNE UNIVERSITE
EcoLE DocTORALE CERVEAU COGNITION COMPORTEMENT

BY AURELIEN NIOCHE

THE 31" OCTOBER 2018
IN FRONT OF A COMMITTEE COMPOSED OF:

JULIETTE ROUCHIER UNIVERSITE PARIS-DAUPHINE REVIEWER
JEROME SALLET UNIVERSITY OF OXFORD REVIEWER
SEBASTIEN BOURET SORBONNE UNIVERSITE ExXAMINER
MURAT YILDIZOGLU UNIVERSITE DE BORDEAUX ExXAMINER
Nicoras ROUGIER INR1IA BORDEAUX SUD-OUEST EXAMINER

SAcHA BOURGEOIS-GIRONDE ECOLE NORMALE SUPERIEURE SUPERVISOR
TaOoMAS BORAUD UNIVERSITE DE BORDEAUX SUPERVISOR



From homo-oeconomicus to non-human primate:

Three case studies on the cognitive micro-foundations of
economics

ABSTRACT

Through three studies, this thesis aims to explore the cognitive micro-foundations of
economics.

In a first study, I investigate the role of the information for coordination on a unique
medium of exchange, that is to say money emergence. Relying on the search theoretical
models (Kiyotaki & Wright, 1989, and Iwai, 1996), the goal of this study is to challenge the
assumption that an exhaustive information is a necessary condition for money emergence.
The results obtained by simulation show that artificial agents learning by a simple reinforce-
ment mechanism are able to develop a monetary exchange system, even if their access to
information is strongly restricted. However, the results obtained during our experiments
with human subjects go against the results obtained by simulation, raising the question of
the possibility of such a coordination phenomenon in humans when access to information
is extremely restricted.

In a second study, I tackle the role of the information in duopoly competition. Using a
model a-la-Hotelling (1929), we test the hypothesis that varying the amount of information
available by consumers substantially impacts market’s dynamics. Computational results
indicate that firms could relax competition by establishing local monopolies when informa-
tion is low, and a contrario, face an intense competition when consumers are well-informed.
The results obtained in human subjects point in the same direction as simulations, showing
also how the equilibrium of the observed system may depend on heuristics deployed by the
individuals.

In a third study, I focus on decision-making under risk in rhesus monkeys, with the specific
goal of examining how well rhesus behavior hews to aspects of prospect theory (Kahneman
& Tversky, 1989, 1992). In line with observations made in humans, I report results indicating
an asymmetric treatment of gains and losses (i.e. the reflection effect), with some evidence for
probability distortion.



De ’lhomo-ceconomicus au primate non-humain :
Trois études de cas sur les micro-fondations cognitives de
I’économie

REsuME

Comment expliquer un macro-phénomene économique tel que 'émergence d’une insti-
tution par des micro-phénomenes tels que la prise de décision individuelle? Telle est la
question qui fait I'enjeu d’'une démarche micro-fondationelle : micro-fonder I'économie n’est
rien d’autre que fonder la macro-économie sur des modeles de rationalité individuelle.

Un projet de microfondation cognitive requiert en outre de substituer aux agents ra-
tionnels disposant d’'une information complete classiquement employés dans les modeles
économiques, des agents aux capacités de calcul limitées et disposant d’une information
imparfaite. Dans les études qui font le corps de cette these, le premier candidat qui a été
retenu pour un tel remplacement est I'agent artificiel dont les capacités de calcul et d’acces a
I'information ont été bridées. Dans le but de formuler des conclusions sur la base de résultats
empiriques, le deuxi¢me candidat qui sest imposé est I'étre humain. Voulant faire un pas de
plus dans notre démarche d’utilisation d’agents cognitivement limités, un troisieme candidat
a également été retenu : le primate non-humain.

L'objectif d’offrir des micro-fondations cognitives a 'économie est ambitieux et il est bien
évidemment impossible de pouvoir réaliser dans le temps d’une these l'entiereté de ce projet.
Ceest ainsi que trois études pouvant étre considérées de maniere relativement indépendante
constituent le corps de cette these.

Dans une premiére étude, je m’intéresse au role de I'information dans le processus d’émer-
gence d’une monnaie, compris comme une coordination sur un moyen d’échange unique.
Au cours des dernieres décennies, 'économie monétaire est passée d'une compréhension
purement macroéconomique de la monnaie a une analyse de ses fondements microéco-
nomiques, tant dans sa dimension théorique que dans sa dimension comportementale.
Plusieurs modeles de prospection monétaire, tels que ceux de Kiyotaki & Wright (1989) et
Iwai (1996) ont été proposés afin d’identifier les conditions d’émergence d’'une monnaie. Ces
modeles appartiennent a la classe des modeles macroéconomiques microfondés avec attentes
rationnelles. Ils cherchent 4 expliquer un phénomene macroéconomique — I’émergence
d’une monnaie — a partir de décisions individuelles, fournissant ainsi une micro-fondation



pour leurs modeles. Cependant, les décisions individuelles émanent dans ces modeles d’agents
qui sont extrémement bien informés de I’état global de I'économie et qui font preuve de
capacités de calcul exemplaires. Lapproche adoptée ici a pour but de remettre en question
'hypothese selon laquelle un acces exhaustif a I'information est une condition nécessaire a
I'émergence d’'une monnaie. Nous montrons ainsi que des agents artificiels apprenant par
un simple mécanisme de renforcement sont capables de développer un systeme d’échange
monétaire : un acces extrémement restreint a 'information tels que les agents n'obtiennent
des informations que sur leurs tentatives d’échange personnelles permet un phénomene de
synchronisation a grande échelle — ici, 'adoption d’'une monnaie commune. Nous avons
mis en place un protocole visant a savoir s’il était possible d’obtenir les mémes résultats chez
des sujets humains. Les résultats obtenus lors de nos expériences vont toutefois a I'encontre
des résultats obtenus par simulation, laissant ouverte la question de savoir sous quelles
conditions un tel phénomene de coordination est effectivement possible chez des sujets
humains lorsque I'acces a 'information est drastiquement restreint.

Dans une deuxi¢me étude, j’étudie le role de 'information dans un contexte de concur-
rence en situation de duopole. Prenant appui sur un modele dérivé du modele séminal
d’Hotelling (1929), nous testons ’hypothese selon laquelle la variation de la quantité d’in-
formation disponible par les consommateurs aurait un impact substantiel sur la dynamique
du marché. Les résultats obtenus au moyen de syst¢tmes multi-agents indiquent que les
entreprises peuvent échapper a un phénomene de concurrence en établissant des monopoles
locaux lorsque l'information est faible, et 2 contrario, se trouvent en situation de forte
concurrence lorsque les consommateurs sont bien informés. Au moyen d’un jeu en ligne
multijoueur, nous avons ensuite testé expérimentalement la robustesse de nos prédictions
théoriques. Les résultats obtenus chez 'homme vont dans le méme sens que les résultats
obtenus par simulation. De plus, ils montrent que les situations d’équilibre observées
dépendent également des caractéristiques psychologiques des individus incarnant les firmes,
de par les heuristiques qu’ils sont amenés a déployer.

La troisieme étude, quant 2 elle, porte sur la prise de décision dans le risque chez le ma-
caque rhésus. Son but est d’examiner 4 quel point le comportement des macaques rhésus est
conforme aux prédictions que 'on peut faire suite a la théorie des perspectives (Kahneman
& Tversky, 1989, 1992), a savoir que le choix des individus serait I'expression d’une certaine
aversion au risque pour les gains mais de recherche du risque pour les pertes, et que ce choix
se ferait sur la base d’une perception des probabilités déformée (les probabilités faibles se-
raient sur-évaluées et les fortes probabilités seraient sous-évaluées). Nous avons entrainé des
macaques rhésus a choisir entre des loteries pour obtenir de I'eau, avec des représentations
symboliques des probabilités et des conséquences — ces conséquences impliquant des gains
et des pertes potentiels. Nous avons mis en évidence un traitement asymétrique des gains et
des pertes, ainsi qu'un phénoméne de distorsion de probabilité. Etablir du point de vue de la



théorie des perspectives a quel point la prise de décision des macaques rhésus est semblable
a celle de Phomme constitue un travail préparatoire nécessaire a I'étude électrophysiologique
des circuits sous-jacents et contribue en cela aux fondations micro-cognitives de ’économie.
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Introduction

.1  COGNITIVELY MICROFOUNDING ECONOMICS: WHAT DOES IT MEAN?

GENERAL INTRODUCTION. The objective of offering cognitive microfoundations to
economics is ambitious. It is obviously impossible to carry out the entire project in the time
frame of a thesis. Thus, three studies that can be considered relatively independently will
constitute the body of this document. The objective of this introduction is to explain how
each of them contributes to the realization of this project. The issues concerning each of
these studies are twofold. Each study aims to show which cognitive microfoundations can
be brought to economics in a specific context, but this is impossible without solving a set

of methodological problems. It is indeed necessary to show how it is possible to bring such



microfoundations.

This introduction will give the key guidelines of such a cognitive microfoundational ap-
proach and briefly introduce each of the three studies. Following the three studies, their lim-
its and the prospects they offer to strengthen and develop the cognitive microfoundations of

economics will be considered.

BETWEEN MACRO AND MICROECONOMICS, PERFECT AND IMPERFECT INFORMATION.
How can an economic macro-phenomenon such as the emergence of an institution be
explained by micro-phenomena such as individual decision-making? This is this question
that is at stake in a microfoundational approach. Essentially, microfounding economics is

nothing more than basing macroeconomics on models of individual rationality.

So, let us consider a set of individuals evolving in a specific stylized environment. Let
us call them agents. Let us say that these agents are perfectly rational in the sense that they
maximize their expected utility, i.e. they take the options that are deemed the best, both from
their point of view and from that of the observer. Let us suppose that macro-phenomena
emerge from the interaction of these agents. These macro-phenomena will be called
micro-founded, because they will be based solely on the rationality of these agents. The
question that may then arise is whether the macroeconomic phenomena resulting from
the interaction of these agents would be the same as those observed in cognitively limited
agents making their decisions on the basis of imperfect information. The hypothesis of an
affirmative answer to this question is what is commonly called the “as if” hypothesis, the
authorship of this formula having been entrusted to Milton Friedman who defended its use.

This hypothesis can be summarized as follows: the aggregate behavior of cognitively limited

10



individuals making their decisions on imperfect information is similar to the aggregate

behavior of perfectly rational individuals.

One of the constraints posed during this thesis is not to consider this hypothesis as true
a priori and to work on the establishment of cognitive microfoundations. By cognitive, we
mean that they must take account of the limitations of the agents involved in real economies,
namely humans. These limitations are of two kinds: (i) computing ability, (ii) access to in-
formation. The first study attempts to show how access to very limited information and
simple trial and error learning is sufficient for the emergence of a large-scale coordination
phenomenon, namely the emergence of money. Focusing on the competition in a duopoly
situation, the objective of the second study is to show that taking the agent information into

account has an impact on the structure of the market.

FROM HOMO (ECONOMICUS TO NON-HUMAN PRIMATE: BETWEEN THEORY, EXPERIENCE
IN SILICO AND EXPERIENCE IN VIVO. A project of cognitive microfoundation requires
substituting rational agents that have complete information conventionally used in eco-
nomic models with those that have limited computing capacities and imperfect information.
The first selected candidate for such a replacement is the artificial agent whose computing
capabilities and access to information have been restricted. In order to ground conclusions
on empirical results, the second candidate that was chosen for two of the three studies
presented here is the human being. As third candidate and in order to take a further step in
the direction of the use of cognitively limited agents, the non-human primate has also been

selected.

One of the roles of experimental economics is to systematically identify deviations in the

II



actual behavior of embodied agents—understand human beings—from the predictions of
a pre-existing economic theory. A difficulty that such a project faces, after demonstrating
limits of a formal theory, is to be able to contribute to its improvement. The use of numerical
models is an interesting possibility to avoid the pitfall of a simple deconstruction of initial

theories and to propose an intermediary between axiomatic models and experience.

The methodology of two of the three studies is thus similar. Each of these studies is based
on results that are generally obtained on the basis of axiomatic systems. However, we first
reconstruct a numerically testable model taking the limitations of individuals into account.
Indeed, during numerical simulations, we use cognitively limited agents. They do not make
their decisions rationally by maximizing their expected utility but either learn by trial and
error, the options that are preferable to them, or use heuristics based on a simplified model
of the situation. Unlike purely rational agents, these agents do not need perfect information
to decide and need only a few computational capabilities, making them more similar to
living beings than a canonical homo-ceconomicus. These simulations then have theoretical
value: as we designed the environment as well as the algorithm used by agents to make their
decisions, they allow us to identify the conditions under which a given macro phenomenon
can be observed. These conditions then pave the road for fine predictions about what should

be observed in living beings.

While the two first studies use artificial agents and humans, the third study included in
this document considers rhesus macaques as subjects. In addition to the further step in the
direction of the use of cognitively limited agents, such a study is a mean to address a phylo-
genetic question, which is to what extent, displaying economic behaviors could be seen as a

human specificity. On the other hand, since the macaque is a model in electrophysiology, if
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we succeed in inducing economic behavior in this species that matches the one displayed by
human agents, it opens the possibility of investigating the underlying neuronal mechanisms
of these behaviors. While micro-founded models offer the possibility of building a bridge
between individual decision-making and macro phenomena, decision-making processes spe-
cific to economic contexts need to be studied separately. Such a study would not be complete
without a description of the electrophysiological mechanisms at work in living beings. If this
study does not include electrophysiology, it is nevertheless intended to constitute a necessary

preparatory work for such an approach.

1. THREE STUDIES: BETWEEN SIMILARITY AND DISSEMBLANCE

THE EMERGENCE OF AN INSTITUTION UNDER INFORMATIONAL CONSTRAINTS AND
LIMITED COGNITIVE CAPACITIES. The first study of this thesis bears on the emergence of
money. Its objective is to show how limited access to information for agents in an economy

that is characterized by production specialization, does not prevent large-scale coordination.

Several microfounded macro-economic models with rational expectations, dubbed search
theoretical models, address the issue of the emergence of money**»>%. However, what
these models have in common is the use of agents that have perfect (or almost perfect)
information on the overall state of the economy and that demonstrate quite important
computational capabilities (i.e. they make predictions on their utility on an infinite horizon

based on inferences over the other players beliefs).

The hypothesis this study seeks to test is that a common medium of exchange may also

emerge in economies where agents have limited computing capabilities and do not have access
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to information on the overall state of the market. Like the study on spatial competition, this
one combines the use of numerical models and experimentation with human subjects. In
addition, to test under which conditions an agreement on a single means of exchange may
appear, the aim is to highlight the interaction effects between the cognitive characteristics

and the economic structure.

THE INFLUENCE OF INFORMATION AVAILABILITY ON MARKET STRUCTURE. The
second study of this thesis focuses on competition in a situation of duopoly. Its objective
is to show how limited access to information for consumers can influence the positioning

strategies developed by firms, and thus the structure of the market.

Several models have been developed to describe these duopoly situations in which two
independent sellers compete for market share. Since the Hotelling’s princeps model *°
in the 1920s, a prolific literature has been developed*7¢*»*#4 Although classified as
micro-economic models, spatial competition models can also be considered as connecting
points between micro and macroeconomics. While they use traditional micro-economic
objects such as consumers and firms, in doing so, these models give rise to a macro-economic

object from the interaction of individuals, namely the market structure.

However, in a similar way to search theoretical models underlying the first study, most
models assume that consumers have unlimited access to information. We consider here
a situation where consumers have limited access to information and we explore how this

factor influences the behavior of competing firms.

To do this, we first characterized three decision-making processes followed by individual

14



firms: (i) maximizing profits; (ii) maximizing difference between its profits and and that
of the competitor; and (iii) tacit collusion. We then simulated a number of savings by ma-
nipulating the amount of information to which each consumer had access. We then tested
this model with human subjects embodying companies. We characterized their behaviors

according to their proximity to the decision-making processes used by the simulated firms.

The major challenge of this study is to underline the importance of taking into account
the information structure and cognitive characteristics of agents in the microfoundation
of an economic system, by showing how the emerging structure of these interactions—

corresponding here to the distribution on the market of companies—is dependent on them.

THE USE OF THE NON-HUMAN PRIMATE AS AN ANIMAL MODEL OF ECONOMIC BEHAV-
IOR: ASSESSMENT OF ATTITUDE TOWARD RISK IN RHESUS MONKEY. To conduct an
electrophysiological study of the neuronal substrates underlying decision-making processes
leading to economic behavior, it seems necessary to first verify that it is possible to induce
economic behavior in non-human primates. The situations of choice between two lotteries,
a classic paradigm since Von Neumann & Morgenstern®, seemed to be a relevant task
within the framework of an approach of microfoundation of economics. If one is able
to find a system of representation of lotteries understandable by the non-human primate
allowing it to make bets, then it would be possible to induce several other economic contexts
specific behaviors. One can thus think about speculating: it would be sufficient to create
circumstances allowing the realization of bets whose consequences are situated in short or
long term, contrary to a situation of classic bet where the consequences are with immediate

effect.
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One of the objectives is to verify similarity of decision-making at risk in the rhesus
macaque with that of human regarding specific features. We know that decision-making
in human is subject to several biases. For example, when facing bets, humans show some
asymmetry in their preference for the riskiest option depending on whether the stakes
involve potential gains or potential losses*>*°. They are indeed reluctant to take risks for the

bets involving gains, but seek to take risks for the bets involving losses.

Risk attitudes have been studied in many other species, ranging from insects to mammals,
including fish, birds'* and peas**. Most of these studies report a risk aversion for gains,

63,68,73,80

with the notable exception of monkeys 4, This exception raises questions about the

validity of the macaque as an animal model of economic behavior.

The objective of this study is to assess whether the asymmetry in treatment between gains
and losses observed in humans can also be demonstrated in non-human primates and, if
it can be, to provide a detailed description by characterizing it according to three aspects:

(i) risk aversion, (ii) probability distortion, (iii) stochasticity of choice.

To do so, two female macaques were placed before choice situations where they had to
choose between two lotteries involving either winnings or potential losses. The behavioral
data thus obtained were fitted to a decision-making model based on the prospect theory >,

to contrast the treatment of losses and the treatment of gains.
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Impact of limited information on money emergence:
Insights from a computational and experimental

approach

ABSTRACT.  Several micro-founded macroeconomic models with rational expectations ad-
dress the issue of money emergence. These models have in common the use of agents who
dispose of perfect or near-perfect information on the global state of the economy and who

display full-fledged computational abilities. We assume that a commodity money can also

*. The content of this chapter is an independent research article submitted. Its has been simply formatted
for the sake of graphical consistency. The co-authors of this article are Basile Garcia, Germain Lefebvre, Thomas
Boraud, Nicolas Rougier & Sacha Bourgeois-Gironde.
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emerge in economies where agents endowed with limited computational abilities don’t have
access to information about the global state of the economy. Through multi-agent simula-
tions, our findings show that a commodity money can indeed emerge under such restrictions
and highlight interaction effects that can be involved between cognitive features and eco-
nomic structure. However, under the same kind of informational constraints, human sub-
jects encounter more difficulties than artificial agents to coordinate on a unique medium of
exchange. The reasons of such a departure between computational and experimental results

are discussed.

2.1 INTRODUCTION

Following the intuitions of Karl Menger® and starting with the Jones’ model in the
mid-1970’s%, several search-theoretical models have been proposed in order to identify
the conditions for money emergence5#5»7n5¢784550952 " These models belong to the
class of micro-founded macroeconomic models with rational expectations. They provide
an explanation of a macroeconomic phenomenon—money emergence—from individual
decisions. An interesting feature of these models is that they offer an explanation for
money emergence that does not require the economies to be centralized (i.e. no authority is
necessary in order for the agents to coordinate). Indeed, focusing on the function of medium
of exchange, these models highlight the key role that the money can play in facilitating

exchange processes (i.e. limiting the friction due to the difficulty to find an exchange partner).
However, in these models, agents dispose of complete information about the global

state of the economy, and are endowed with efficient computational abilities that allow

them to draw inferences by means of nested reasoning. Therefore, a question that may

18



arise is whether this is a necessary condition, or whether money emergence is also possible
in an economy populated by agents with restricted abilities and having a limited access
to information. More precisely, we could wonder whether a coordination over a unique
medium of exchange is possible by agents proceeding by trial and error in a context where

they dispose only of a local information.

A partial answer has been brought to this question, by means of simulations with
artificial agents using a reinforcement learning procedure®>*** in a Kiyotaki-and-Wright’s
environment’*°. Here, reinforcement learning agents have by construction limited com-
putational abilities, and their informational inputs are only constituted by the success and
failures of each exchange attempt. In contrast with Kiyotaki-and-Wright’s theoretical agents,
they are completely blind to the global state of the economy, and the construction of their

preferences does not rely on the latter. Yet, results report achievement of monetary equilibria.

The Kiyotaki’s and Wright’s model 5 has also been experimentally tested. Results show
that a monetary equilibrium can be reached with human subjects evolving in a search-
theoretical environment®***. Interestingly, Duffy and Ochs*® show that a reinforcement
model fits well their experimental data obtained in a Kiyotaki-and-Wright’s environment ¢,
suggesting that although more sophisticated behavior rules were available, subjects tended
to favour immediate past feedback. However, in contrast with virtual agents learning by
reinforcement, subjects had still access to extended information about the global state of the

economy.

The purpose of this study is to know whether economies populated with human subjects

can still reach a monetary state with drastic restrictions on information access. In other
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words, the question is to know whether results obtained with virtual agents combining
a restriction on computational abilities and on informational input can be generalized to
economies populated with humans. In addition, we decided to use a search-theoretical
structure that presents more generality than Kiyotaki and Wright’s one, based on the
Iwai’s model®. One criticism that we can address to the aforementioned studies, is that
although they succeeded in demonstrating achievements of a monetary equilibrium, they
were mainly considering the fundamental equilibrium of Kiyotaki and Wright. The latter
relies on the use as medium of exchange of the good that is less costly to store than the other
goods in circulation, this feature explaining why it is preferred. Results concerning the
achievement of the speculative equilibrium—the equilibrium that requires to incur at first
supplementary costs (i.e. to speculate)—were scarcer. That is why we decided to adopt an
environment with indistinguishable goods, in a way to avoid that money emergence bears
on intrinsic features of goods. Secondly, to our knowledge, the previous computational and
experimental studies are based on search-theoretical models involving three goods. In this
case, only one type of agent use the monetary good genuinely as a medium of exchange. The
question remains to know if their conclusions can hold if there is more than three goods in
circulation. Therefore, to assess their reliability and to broaden our conclusions, we decided

to include an additional good.

We conducted a series of simulation, where we borrowed certain elements from the pre-
vious search-theoretical models to define the structure of our virtual economies, such as the
production-consumption specialization and the absence of double coincidence of needs. In
the economies we simulated, agents were producing a certain good and looking to obtain
another one through exchanges, had little knowledge about the environment in which they

operate—they only knew if their attempt of exchange was a success or a failure. They were
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learning on the basis of a basic reinforcement learning mechanism, associating a value to each
choice option available to them and updating by trial-and-error the efficiency of each type
of exchange. We used the results of these simulations to identify the relevant experimental
conditions. We then observed the behaviors of human subjects under similar informational
constraints. We compare thereafter the results obtained by simulation and by experiment,
and discuss the possibility of a macroeconomic phenomenon—money emergence—under

minimal information.

2.2 RESULTS

CoMPUTATIONAL. In order to test our hypothesis regarding the possibility of emergence
under constraint of minimal information, we ran 2,700 simulations of economies with 3

goods in circulation (G = 3), and 2, 700 simulations with 4 goods (G = 4).

Each economy is composed by different types of agents. A type of agent is defined by
what agents of this type produce and consume. The goal of each agent is to obtain his
consumption good. Agents proceed to exchanges between them to achieve this goal. Agents
have a feedback only about their own exchange attempt and learn by reinforcement the

efficiency of each type of exchange.

We vary across simulations the distribution of agents among the existing types.

By construction, if a good 7 becomes money, an agent that produces it or consumes

it should try to exchange directly his production good against his consumption good.

Otherwise, the agent is supposed to use it as a medium of exchange (i.e. to exchange his
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production good against 72, and then m against his consumption good). This defines
what we called a monetary bebavior. For each simulation, we measured the proportions of

monetary behavior with each good in circulation.

To investigate the influence of the distribution of agents among types on money emer-
gence, we fixed the agent type x, in economies with 3 goods, while we fixed the agent
types x, and x, in economies with 4 goods. We drew a 2-dimensional phase diagram
representing the average monetary behavior for each good (see Fig. 2.r). We set the con-
stant to 5o and varied the other values between 10 and 190. All goods being identical, we

arbitrarily chose the good 1 as the ‘target’, that is to say the good that we wanted to see emerge.

When G = 3, the higher frequency of monetary behavior with good 1 observed is when
the value of x2 is equal to that of x, and when the value of x, is at least twice that of x, (see
Fig. 2.1). One may notice that the use of a uniform distribution of agent types (x, = so,
x, = 50, x; = 50) results in a low monetary behavior frequency. This led us to set the value
of x, equal to that of x, and set the value of x, twice that of x; for the simulations under
experimental conditions with G = 3 where our goal was to promote money emergence (see

Fig. 2.2).

When G = 4, the higher frequency of monetary behavior with good 1 observed is when
the value x; as well the value of x, is nearly twice that of x, and x, (see Fig. 2.1). As for when
G = 3, the use of a uniform distribution of agent types (x, = 50, %, = 50, %, = 50, %, = 50)
results in a low monetary behavior frequency. This led us to set the value of x, equal to that
of x, and to set the value of x; and x, twice that of x, for the simulations under experimental

conditions with G = 4 where our goal was to promote money emergence (see Fig. 2.3).
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Figure 2.1 - Computational results: Influence of agents distribution on monetary behavior. The phase diagramon top panel
summarizes the results of 2,700 simulations with 3 goods. The number of type-31 agents is set to 50 while the number of
agents of type 12 and 23 varies between 10 and 190 (corresponding respectively to the values on the x-axis and y-axis). The
darker the color, the higher the frequency of use of the good 1 as a medium of exchange. Similarly, the phase diagram on
bottom panel summarizes the results of 2,700 simulations with 4 goods. The number of agent of types 41 and 12 is set at 50
while the the number of agents of type 23 and 34 varies between 10 and 190 (corresponding respectively to the values on
the x-axis and y-axis). When G = 3, the higher frequency of monetary behavior with good 1 observed is when the value of
x2isequal to that of x; and when the value of x; is at least twice that of x;. When G = 4,the higher frequency of monetary
behavior with good 1 observed is when the value x, as well the value of x; is nearly twice that of x,, and x;.
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These results led us to formulate the following operational hypotheses regarding our
experiments: (i) setting the number of agents of a type involving either the production or the
consumption of the particular good half of the number of agents of another type promotes
the emergence of this good as money; (ii) setting the number of agents of each type equal

precludes the emergence of a medium of exchange.

To make predictions about the experiments with human subjects, we ran 8o additional
simulations, distributed over groups corresponding to the four experimental conditions.
For two of the groups, we promoted the use of good 1 as money, and for the two other
groups, we use a configuration where it is expected that no good emerges as money. Note

that as all the goods are identical, the choice to promote good 1 is arbitrary.

The economies simulated were therefore economies with:

1. 3 goods in circulation and a Non-Uniform distribution promoting the use of good 1
as Money (NUPM-distribution), that is a distribution such as the number of agents
of a type involving either the production or the consumption of the monetized good

being half the number of agents of another type;

2. 3 goods in circulation and a Uniform distribution (U-distribution), that is a distribu-

tion such as there is an equal number of agents of each type;
3. 4 goods in circulation with a NUPM-distribution;
4. 4 goods in circulation with a U-distribution.

For each condition, we measured the proportion of monetary behavior over time for each
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good, as well as the number of use of each good as a medium of exchange over time (see Fig.

2.2 and 2.3).

3 GOODS NON UNIFORM 3 GOODS UNIFORM
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Figure 2.2 - Computational results: Experimental conditions with 3 goods in circulation. The computational results al-
lowed us to settle for a non-uniform distribution promoting the use of 1 as money. Experimental results for such agents
distribution are depicted in panels A. We put in contrast the results for a uniform distribution in panel B. The first three
columns indicate the proportion of monetary behaviors over time. Each column corresponds to a specific good (respec-
tively 1, 2 and 3). Each row corresponds to a type of agent (respectively from top to bottom type 31, 12 and 23). The gray
dotted lines report the chance level (0.5). The last column indicates for each good, the proportion of agent using this good
as amedium of exchange (respectively from top to bottom row, good 1,2, and 3). The gray dotted lines indicate 0.5. On each
panel, the left-side bar plot represents the proportions of monetary behaviors averaged over individuals. The right-side
bar plot represents the proportions of use of a medium of exchange averaged over individuals. Error-bars correspond to
standard errors. The number of stars indicates the level of significance of Mann-Whitney U-test (1, 2 and 3 stars corre-
spond respectively to p < 0.05,p < o.orand p < o0.001). We observe that in the non-uniform condition (panel A),
the proportion of monetary behaviors for good 1 and the proportion of agents using it as a medium of exchange are signif-
icantly greater than the corresponding proportions for good 2 and 3, while in the uniform condition (panel B), we observe
no significant difference.

With G = 3 and a NUPM-distribution (see Fig. 2.2A), we observe that the proportion of
agents displaying monetary behaviors with good 1is high (above the chance level) and signif-

icantly greater than the corresponding proportions of agents for good 2 and 3 (respectively
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Figure 2.3 - Computational results: Experimental conditions with 4 goods in circulation. The computational results al-
lowed us to settle for a non-uniform distribution promoting the use of good 1 as money. Experimental results for such
agents distribution are depicted in panels A. We put in contrast the results for a uniform distribution in panel B. The first
three columns indicate the proportion of monetary behaviors over time. Each column corresponds to a specific good (re-
spectively 1, 2, 3 and 4). Each row corresponds to a type of agent (respectively from top to bottom type 41, 12, 23 and 34).
The gray dotted lines report the chance level (0.33). The last column indicates for each good, the proportion of agent using
this good as a medium of exchange (respectively from top to bottom row, good 1, 2, 3 and 4). The gray dotted lines indicate
0.5. On each panel, the left-side bar plot represents the proportions of monetary behaviors averaged over individuals. The
right-side bar plot represents the proportions of use of a medium of exchange averaged over individuals. Error-bars corre-
spond to standard errors. The number of stars indicates the level of significance of Mann-Whitney U-test (1, 2 and 3 stars
correspond respectively to p < 0.05,p < o.o1and p < 0.001). In the non-uniform condition (panel A), the proportion
of monetary behaviors for good 1 and the proportion of agents using it as a medium of exchange are significantly greater
than the corresponding proportions for good 2, 3 and 4, while in the uniform condition (panel B), we observe no significant
difference.
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# = 256.5,p < o.oorand # = 206.5, p < o.0o01). Regarding the number of use of each
good as a medium of exchange, the proportion of agents using the good 1 as a medium of
exchange is greater than the corresponding proportions for good 2 and 3 (respectively # = o,
p < o.oorand # = o, p < o.oor1). This means that agents that neither produce the good 1
nor consume it try to obtain it when they have their production good in hand, and, once in

hand, try to obtain their consumption good using it as an intermediary good.

On the contrary, with a U-distribution (see Fig. 2.2B), the proportion of monetary be-
havior for each good oscillates around chance level, meaning that we have obtained the same
results with agents playing randomly. The proportion of monetary behavior for good 1 is
not significantly different from the corresponding proportions for good 2 and 3 (respectively
1= 444,p = 0.935and # = 427.5, p = 0.74s). Similarly, in the U-distribution, each good
is equally used as a medium of exchange. Therefore, the proportion of agents using good 1
as a medium of exchange is not significantly different from corresponding proportions for

good 2 and 3 (respectively # = 48, p = o.91and # = 40.5,p = 0.496).

When G = 4, we observe similar patterns (see Fig. 2.3A). (i) With a NUPM-distribution,
the proportion of agents displaying monetary behaviors with good 1is high (above the chance
level) and significantly greater than the corresponding proportions of agents for good 2, 3 and
4 (respectively # = 549, p < 0.001, # = 0, p < o.0o1and # = 425, p < o.oor). (ii) The pro-
portion of agents using the good 1 as a medium of exchange is greater than the corresponding
proportions for good 2, 3 and 4 (respectively # = o0, p < 0.001,# = 0,p < 0.0oorand # = o,
p < o.oo1). (iii) On the opposite, with a U-distribution (see Fig. 2.3B), the proportions of
monetary behavior for good 1, 2, 3 and 4 oscillate around chance level and the proportion of

agents displaying monetary behaviors with good 1 was not significantly different from the
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corresponding proportions for good 2, 3 and 4 (respectively # = 741, p = 0.860, # = 7615,
p = 1.oooand # = 724.5, p = 0.706). (iv) The proportion of agents using the good 1as a
medium of exchange is nor significantly different from the corresponding proportions for

good 2, 3 and 4 (respectively # = 195, p = 1.000, # = 195,p = 1.000and # = 158, p = 0.392).

EXPERIMENTAL. Results for experiments are depicted in Fig. 2.4 and Fig. 2.s.

For the condition with G = 3 and a NUPM-distribution that brought together 36 subjects
(see Fig. 2.4A), we expected the use of the good 1 as money to be promoted. But contrary
to what has been observed in the artificial agents, the good 1 is not used as money: the pro-
portion of agents displaying monetary behaviors with good 1 is nor significantly different
from the corresponding proportions for good 2 and 3 (respectively # = 596.5,p = .565 and
# = 564.5,p = .350). Similarly, the proportion of agents using the good 1 as a medium of
exchange is ot significantly different from the corresponding proportions for good 2 and 3
(respectively # = 80,p = 0.979 and # = 63.5,p = 0.381).

For the condition with G = 3 and a U-distribution that brought together 30 subjects (see
Fig. 2.4B), we expected no good to emerge as a money. However, the good 2 has emerged as
a preferred medium of exchange. Indeed, if the proportion of agents displaying monetary
behaviors with good 1 is zor significantly different from the corresponding proportion for
good 3 (# = 414.5,p = .60s), it is significantly lower than the corresponding proportion
for good 2 (# = 273,p = .009). Similarly, if the proportion of agents using the good 1 as
a medium of exchange is nor significantly different from the corresponding proportion for
good 3 (# = 41.5,p = 0.545), it is significantly lower than the corresponding proportion for

good 2 (# = 20,p = .026).
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Figure 2.4 - Experimental results: 3 goods in circulation. The computational results allowed us to settle for a non-uniform
distribution promoting the use of good 1 as money. Experimental results for such agents distribution are depicted in panels
A. We put in contrast the results for a uniform distribution in panel B. The first three columns indicate the proportion of
monetary behaviors over time. Each column corresponds to a specific good (respectively 1,2 and 3). Each row corresponds
to a type of agent (respectively from top to bottom type 31, 12 and 23). The gray dotted lines report the chance level (0.5).
The last column indicates for each good, the proportion of agent using this good as a medium of exchange (respectively from
top to bottom row, good 1, 2, and 3). The gray dotted lines indicate o.5. On each panel, the left-side bar plot represents the
proportions of monetary behaviors averaged over individuals. The right-side bar plot represents the proportions of use of
a medium of exchange averaged over individuals. Error-bars correspond to standard errors. The number of stars indicates
the level of significance of Mann-Whitney U-test (1, 2 and 3 stars correspond respectively to p < 0.0s,p < o.orand
p < o.o01). In the non-uniform condition (panel A), contrary to expectations related to the computational results, we
observe no significant difference. In the uniform condition (panel B), the proportion of monetary behaviors for good 1 and
the proportion of agents using it as a medium of exchange are significantly lower than the corresponding proportions for
good 2, while we expected no significant difference.
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Figure 2.5 - Experimental results: 4 goods in circulation. The computational results allowed us to settle for a non-uniform
distribution promoting the use of good 1 as money. Experimental results for such agents distribution are depicted in panels
A. We put in contrast the results for a uniform distribution in panel B. The first three columns indicate the proportion of
monetary behaviors over time. Each column corresponds to a specific good (respectively 1, 2,3 and 4). Eachrow corresponds
toatypeof agent (respectively fromtop to bottomtype 41,12,23 and 34). The gray dotted lines report the chance level (0.33).
The last column indicates for each good, the proportion of agent using this good as a medium of exchange (respectively from
top to bottom row, good 1,2, 3 and 4). The gray dotted lines indicate 0.5. On each panel, the left-side bar plot represents the
proportions of monetary behaviors averaged over individuals. The right-side bar plot represents the proportions of use of
a medium of exchange averaged over individuals. Error-bars correspond to standard errors. The number of stars indicates
the level of significance of Mann-Whitney U-test (1, 2 and 3 stars correspond respectively to p < 0.0s,p < o.orand
P < o.o01). In the non-uniform condition (panel A), the proportion of monetary behaviors for good 1 and the proportion
of agents using it as a medium of exchange are significantly greater than the corresponding proportions for good 3 and 4,
but only the proportion of agents using at a medium of exchange is significantly greater for good 2. In the uniform condition
(panel B), as expected, we observe no significant difference.
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For the condition with G = 4 and a NUPM-distribution that brought together 6o
subjects (see Fig. 2.5A), we expected the use of the good 1 as money to be promoted (as for
G = 3). However, and contrary to what has been observed in artificial agents, it did not
emerge as a money. It is only slightly preferred. Indeed, the proportion of agents displaying
monetary behaviors with good 1 is significantly greater than the corresponding proportions
for good 3 and 4 (respectively # = 1270.5,p = 0.008, and # = 1313,p = 0.016) but not
significantly different from the proportion for good 2 (# = 1424, p = 0.073). Nonetheless,
and in line with what has been observed in the artificial agents, results show that the good 1
is indeed preferred as a medium of exchange: the proportion of agents using the good ras a
medium of exchange is significantly greater than the corresponding proportions for good 2,

3 and 4 (respectively # = 400, p < 0.027, # = 176.5,p = o0.0o1and # = 309, p = 0.001).

For the condition with G = 4 and a U-distribution that brought together 40 subjects (see
Fig. 2.5B), we expected no good to emerge as a money and no money indeed emerged. The
proportion of agents displaying monetary behaviors with good 1 is zoz significantly different
from the corresponding proportions of agents for good 2, 3 and 4 (respectively # = 754.5, p =
0.997, %t = 747.5,p = 0.925 and # = 728, p = 0.736). Similarly, the proportion of agents
using the good 1 as a medium of exchange is 7ot significantly different from the corresponding
proportions for good 2, 3 and 4 (respectively # = 188.5, p = 1.000, # = 153.5, p = 0.318 and

1 =166, p = 0.546).
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2.3 DiscussioN

The results obtained by means of simulations are in line with our initial assumption, that
is to say that the emergence of a commodity money is possible in a decentralized economy
with agents having very poor information on the global state of the economy and endowed
with limited computational abilities. However, results obtained in humans did not follow
our expectations: under the same conditions, human subjects did not reach a consensus in

the use of a unique medium of exchange.

The results with artificial agents show that they do not need to have any expertise
concerning the economic system in which they evolve to allow this system to acquire certain
remarkable macroeconomic properties—such as the existence of a unique medium of
exchange. Said differently, these agents do not need to know the macroeconomic properties
of the system to be able to influence them. These results extend precedent work %
using a Kiyotaki-and-Wright’s environment®*°. In particular, it shows that in an Iwai-like
environment®, monetary coordination does not even require agents to have an extended
knowledge of other players’ preferences, or to construct a sophisticated belief system: a trial
and error approach—comprised in our case as a reinforcement learning mechanism—is
sufficient. Of course, this coordination between agents over a unique medium of exchange is
not systematic: our results in artificial agents suggest that structural constraints are necessary,
as a non-equal distribution of agents over types in our environment. The need for such
structural constraints can be interpreted as an interaction between economic structure and
agents’ cognition, as a particular endowment-need distribution can render sensitive the

benefits of coordinating on a unique medium of exchange.
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However, by placing human subjects under the same conditions as our artificial agents,
we expected to be able to replicate the results obtained in artificial agents, that is to say
to establish a clear contrast between situations where money emergence was promoted,
and situations where subjects did not succeed to coordinate. Indeed with three goods in
circulation, no money emerged in the situation (non-uniform distribution of agents) where
one specific good was theoretically promoted to be used as money, while a good emerged
as a preferred medium in the situation (uniform distribution of agents) where it was not
expected to. When four goods are in circulation, the experimental results are more in line
with the simulation results, in the sense that a good is indeed preferred as a medium of
exchange in the situation where it was promoted to be used as a money, and no money
emerged in the situation where it was not expected to. However, in the first situation, the
specific good that we expected to emerge as money is only preferred and not the unique

medium of exchange.

This failure to reproduce results obtained with artificial agents may carry several inter-
pretations. (i) We possess data from almost two hundred subjects, but this corresponds to
data for only four economies and we expected convergence for only both of them. We can
not reject the possibility that the lack of convergence over a medium of exchange for both
concerned economies is specific to our sample. (ii) Although several studies point out the
fact that reinforcement learning model fits well the behavior of human subjects in economic
contexts”#*>**, and specifically in a Kiyotaki & Wright environment***%, it is ineffective in
producing accurate predictions in our case. This could be due to the fact that the artificial
agents from a same economy were having homogeneous cognitive features—they were
learning using the same algorithm and the same of parameters—whereas we can suppose

a certain heterogeneity among the human subjects that could make the coordination
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more difficult. (iii) In a Kiyotaki & Wright environment®*, in the specific case where a
speculative equilibrium is expected—that is to say when the monetary good has a higher
storage cost than the other good—, it has been noted that a non-negligible part of subjects
had difficulties to endorse the primary cost implied by the use of the monetary good as a
medium of exchange (i.e. to speculate)*>%. It means that some subjects that neither produce
or consume the monetary good were reluctant to engage in indirect exchange strategies.
Similarly, our experimental results show that part of the subjects that were supposed to
proceed to indirect exchanges and suffer from a primary temporal cost, did not adopt such
strategies, although most of the subjects that were supposed to use direct exchanges did so
(see for instance the results for the condition with a non-uniform distribution promoting
the good 1 with four goods depicted in the Fig.2.5A). As in our protocol, subjects do not
play against artificial agents that use a deterministic algorithm but against other human
subjects, it is nonetheless difficult to tell whether subjects playing (almost) always a direct
exchange strategy did it because of the behavior of other subjects, or because they were

initially strongly biased toward this option.

If these interpretations are right, one solution could be to scale the experiments in two
ways: increasing the number of economies that are tested, while also increasing the number
of individuals inside of each economy. Scaling up the number of economies tested would
solve de facto the problem raised by the first interpretation. Scaling up the number of subjects
inside an economy would probably solve the problem raised by the second and third inter-
pretations. Indeed, it will lower the impact that a single subject has on the overall behavior of
the economy. By doing so, it will also lower the impact of the few subjects that are strongly
biased toward the direct exchange strategy. As a consequence, we can assume that it will

affect the accuracy of predictions yield by multi-agent systems using a reinforcement learning
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model. However, such a solution would be difficult to put into practice: it would require to
be able to recruit a huge number of subjects and at the same time to organize experimental
sessions with many subjects playing together. Even if applying such solution is theoretically

possible, it highlights the difficulties raised by bringing macro-economics into the laboratory.

As the results obtained by simulation and with human subjects are not completely in line,
itis difficult to draw strong inferences about the possibility of money emergence under infor-
mational constraints. Reinforcement learning, although effective, is far from being the most
sophisticated learning model. It is unlikely that human subjects have failed to coordinate
on a single medium of exchange due to more limited cognitive abilities than agents learn-
ing by reinforcement. Since the level of information for artificial agents was strictly identical
to that of humans, it is probably for other reasons than because of a lack of information.
For instance, as we highlighted it, this could be due to a strong inter-individual heterogene-
ity coupled with too few participants. If this assumption is right, it can offer an explana-
tion of why some societies did not have developed a monetary systems: heterogeneity inside
small groups could have been the cause that precludes the emergence of stable coordination

phenomenon—money emergence.

2.4 MATERIALS & METHODS

MobpEL

PRODUCTION-CONSUMPTION SPECIALIZATION.  We consider an economy with G goods
in circulation, with G > 3. We denote these goods 1,2, . . ., G. Each agent is specialized in
production and consumption. A type-ij agent produces good 7 and consumes good j (with

j # i). We suppose a non double coincidence of needs: if there exists a type-77 agent, then
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there doesn’t exist a type-ji agent. We use a minimally connected endowment-need distribu-
tion, such that existing agent types are: (G, 1), (1,2), ..., (G—1, G). The number of agents
for each type is exogenously set. We designate by x, the number of agent of type (G, 1), x, the
number of agent of type (1,2), ... , g the number of agent of type (G — 1, G). Each agent
enters the economy with a unit of his production good. Each time an agent gets his consump-
tion good, he consumes it and immediately after, produces a new unit of his production good

(each agent possess a single storage unit).

ExcHANGE TECHNOLOGY. The exchange technology relies on a trading-post mecha-
nism®. At each time step, each agent chooses the type of exchange he wants to perform,
depending on the good he has in hand. This choice determines to which exchange area he
goes. There is an equal number of markets and goods in circulation. We note my;, the mar-
ket where it is possible to exchange 7 against j, and j against . Our trading technology works
synchronously, that is to say that all exchanges occur simultaneously. Thus, in each m;;, we
randomly associates each 7 seller — j buyer o aj seller — i buyer, if there is a sufficient number
of j sellers — i buyers. Therefore, in each market 7;;, the probability of successfully exchanging
a good 7 against a good j depends on the respective number of 7 sellers — j buyers and j sellers

— i buyers.

LIMITED ACCESS TO INFORMATION. An agent has no knowledge of the probabilities of
success of each exchange: the only information he has access to is whether or not he succeeded

in the desired exchange.

STRATEGIES. The goal of each agent is to obtain as quickly as possible his consumption
good. A strategy is a ruple of choices. Each of these tuples contains an alternative of choice

for every type of decision an agent can face, giving an action policy to follow. The cardinality
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of this tuple is equal to the number of types of decisions an agent can face.

We will specifically consider:

— 'The direct exchange strategy. For a type-ij agent with 7 in hand (his production good),
it consists in trying an exchange against j (his consumption good). An agent applying
this action policy would always have 7 in hand; action policies for other goods can then
be ignored. Therefore, with G = 3, it is equivalent to the strategies (i7, k7) and (77, k).

— The indirect exchange strategy with k as medium of exchange. For a type-7j agent with
i in hand (his production good), it consists in trying an exchange against the good &
(with & # 4,7). With & in hand, it consists in trying an exchange against 7 (his con-
sumption good). As this agent would never have nothing else than i or £ in hand,
action policies for other goods can be ignored. Therefore, with G = 3, it is equivalent

to the strategy (ik, k7).

MONETARY BEHAVIOR. An economy is in a (pure) monetary state if there is a good £* such
as all agents for whom it is their production or their consumption good use a direct exchange
strategy, and all agents for whom it is neither production good nor consumption good, use
an indirect exchange strategy using the good £* as a medium of exchange. If all agents apply
this policy, then the markets where the money does not circulate are empty. By extension,

we will designate by monetary bebhaviors choices that conform to the use of good £* as money.

For instance, in an economy with G = 3, if the good 1 emerges as money, then type-23
agents use an indirect exchange strategy (using the good 1 as a medium of exchange) while
agents of type 31 and 12 use a direct exchange strategy. Table 2.1 in supplementary material

illustrate distribution of agents among markets in such a case.
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SIMULATIONS

DECISION-MAKING PROCESS.  Each agent learns to estimate the success rate of each type
of exchange. This allows him to estimate the time needed to get his consumption good

depending on the choice he made.

Success rates estimates for each exchange type are based on a reinforcement learning pro-
cess. At each time step 7, an agent attempts to exchange 7 against 7 and he updates the estima-
tion associated to this type of exchange, noted ¢y, in the following manner:

ef;“:e;—i-oc-(;—e;)

with & € [o,1] being the learning rate and s a binary variable such as s = 1 if the agent
succeeded in his exchange, o otherwise. « is a free parameter which defines to which extent
an agent takes into account his latest attempted exchange. If &« = 1, the agent considers
only his latest attempted exchange. If & = o, the agent does not take into account the new

observations of failure or success of the last attempted exchange.

When making a decision, each agent considers the expected temporal interval between the
time of choice and the time he gets his consumption good. It is assumed that the longer the
time interval, the lower the value for the agent. Let v(7) be the value associated to the choice
ij (i.e. exchange 7 against /) and A;; the estimation by the agent of the time that will be spent

before consumption if he chooses #:

(i) =1/ (1+ @)
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with 8 > o, a discount factor parameter. The closer to o, the more subjective values are

discounted with time.

Since it takes at least one unit of time for the agent to get his consumption good, the value

function v is bounded between o and 1.

We assume that for each type-ij exchange, the agent has an estimation of the success rate
associated to this type of exchange (¢;). The higher the estimated success rate, the lower the
estimated time to succeed in this exchange. Let d;; be the estimated time to achieve a type-7/

exchange:

31] == I/Ei]'

Fora type-ijagent, A;; = J;;. If atype-ikagent (with & # j), the value of A;; depends on the
action policy chosen by the agent, as A;; would be equal in this case to the sum of the J-values
for each intermediary exchange planned by the agent. For instance, for a type-ik agent fol-
lowing an indirect exchange strategy with good j, A; = dy + d};. An exhaustive description

of valuation functions for the specific case where G = 3 is given in the supplementary section.

In order to be able to learn, the agents use a probabilistic decision-making rule. As the
use of a standard softmax function to introduce stochasticity in choice could induce unin-
tended side effects when using utility functions with discount rate parameters’, the rule im-

plemented is a simple ¢-rule®. Let v(#/) be the value associated with choice 7, p(#), the prob-
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ability to choose to exchange i against j, p(if), is computed as follows:

1—¢ if Vk : o(if) > v(ik),
p(E) =
¢/(G—1) otherwise.

with¢ € [o, 1] being the exploitation-exploration rate. The lower the ¢-value, the more prone
the agent will be to choose the option with the highest subjective value among the other
available options. On the contrary, the higher the ¢-value, the more the agent will be prone

to choose an another option.

PROTOCOL & PARAMETRIZATION. We ran 2,700 simulations with G = 3. x, was set to
so while x, and x, were varied between 10 and 190. We ran another 2,700 simulations with
G = 4. x, and x, were set to 5o (following results from simulations with G = 3) while x; and
x, were varied between 10 and 190. Each simulation lasted 100 time-steps. The exploration
parameter (¢) was varied between o.10 and o.15. The learning rate (a) was varied o.10 and
0.25. The discount factor () was varied between 0.80 and 1.20. The initial values of success
rate estimates for all types of exchanges and for all agents were set to 1. The fact that the initial
values were set to 1 precluded the presence of a bias in preferences, such as the appearance of a
commodity money was more likely. With these values, the value associated with exchanging
his production good against his consumption good was indeed higher than the value of any
other exchange for all agents, implying that all agents were preferring the direct exchange
strategy at the first time-step. We ran 8o additional simulations using the same distribution

of agents as for experiments (see below).

CODE AVAILABILITY.  Simulations have been implemented using Python and the scientific

stack®4%4>_The code is available at https: //github.com/AurelienNioche/MoneyAnalysis.
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EXPERIMENTS

SUBJECTS. 166 subjects have been recruited by the Maison des Sciences Economiques (106 -
112, boulevard de 'Hopital, 75013 Paris, France). We noticed a gender parity (women repre-

sented 49.4% and men 50.6%). The average age is 29.15 & 12.83.

Task. A subject embodies a producer of a good 7 and consumer of a good , in an econ-
omy comprising between 29 and 59 other agents, embodied by other participants. During so
time steps, he has to choose which type of exchange he wants to try. The only information
he gets is whether he succeeded or not in the exchange. Further details are provided in the

supplementary section.

EXPERIMENTAL CONDITIONS.  Each subject went through only one of the four conditions.
The conditions differ by the number of goods in circulation and the distribution mode of
agents among types. The number of goods was either 3 or 4. Following the simulation re-
sults, we contrasted two modes of distributions, either promoting the money emergence or
precluding it:
— Uniform (U). There is an equal number of agents of each type.
— Non-uniform and promoting money emergence NUPM). The number of agents for
a specific type depends on whether this type involves producing or consuming a
specific good, that we arbitrarily chose to be the good 1. The number of agent for a
type meeting this condition is half the number of agents of a type not meeting this

condition.

Combining the variation of the number of good and the type of distribution, the four

conditions were the following:
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1. G = 3and U-distribution. x;, x, and x, were set to 10.

2. G = 3 and NUPM-distribution. x, and x, were equal to 9 but the value of x, was
doubled (18)—the choice of setting x, and x, to 9 instead of 10 and x; to 18 instead of

20 is due to the absence of some subjects the day the experiment took place.
3. G = 4 and U-distribution. x,, x,, x, and x, were set to 10.

4. G = 4 and NUPM-distribution. x, and x, were still equal to 10 but the values of x,

and x, were doubled (20).

ANaLrysis.  We measured (i) at each time step, for each good, the proportion of agents (sub-
jects) demonstrating a monetary behavior, (ii) at each time step, for each good, the proportion
of agents (subjects) using it as a medium of exchange. For statistical analysis of each measure
realized during the experiment-like simulations, we compared for each good a set comprising
the mean over time of all the agents number 1 of each economy (20 economies simulated by
condition), the mean over time of all the agents number 2 of each economy, ..., the mean
over time of the agents number 7 of each economy. For statistical analysis of each measure
realized during the experiment, we compared for each good a set comprising the mean over
time for the individual number 1, the mean over time for the individual number 2, ... , the
mean over time for the individual number 7. As we did not expect a normal distribution of
data due to clustering effects at the boundaries of our scale, assessment of statistic relevancy
of our observations has been made with Mann-Whitney’s U ranking test®, applying Bonfer-
roni’s corrections for multiple comparisons inside a same economy. We set the significance

threshold at §%.

CODE AVAILABILITY. The software we used was based on a client/server architec-

ture. The client part has been developed using Unity game engine. The appli-
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cation ran on 7” Android tablets. The assets of the application are available at
https://github.com/AurelienNioche/MoneyApp. The experiment server was hosted on a
local server and has been developed in Python. The code of the server part is available at
https://github.com/AurelienNioche/MoneyServer. The analysis program is available at

https://github.com/AurelienNioche/MoneyAnalysis.

DATA AVAILABILITY. The data are available at the same address than the analysis program:

https://github.com/AurelienNioche/MoneyAnalysis.

2.5 SUPPLEMENTARY MATERIAL

EXPERIMENTS

USER INTERFACE. Following the assumption that a visually appealing serious-game would
increase subject’s engagement”” and induce naturalistic decision-making*”, we chose to

design a game-inspired interface (see Fig. 2.6) instead of a textual interface.

Whatever the good really produced or consumed, a subject is represented in the interface
as a producer of wood and a consumer of wheat, having at his disposal stone as a medium of
exchange. This choice was motivated by an attempt to limit ‘cheating’ between subjects: no

agent can infer the macroeconomic state by looking at the screens of the other participants.

TRAINING. Each subject went through an interactive tutorial, teaching him the rules and
controls for the experiment. He then played a game with random-playing artificial players in

order to get comfortable with the interface for 20 time-steps.
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Figure 2.6 - Screen-shot of the user interface during the decision-making phase.

MoDEL

MARKETS ATTENDANCE FOR A MONETARY ECONOMY. Table 2.1 provides expected mar-

kets attendance when good £* has emerged as money in an economy with G = 3.

i s M
(Nobody) Pjjer P i
(Nobody) (1—A)- n A i

Table 2.1 - Markets attendance for amonetary economy with good £* as a unique medium of exchange and G =
3. If k™ is the monetized good in an economy with no double coincidence of needs, then the type-k*jand type-ik*
agents (that is to say all the agents that are either producers or consumers of £*) use a direct exchange strategy
and type-zj agents use an indirect exchange strategy—a proportion of them (\)is seeking £* in exchange for their
production good, while the rest of them (1 — ) is seeking his consumption good in exchange of £*.

VALUATION FUNCTIONS FOR G = 3. We provide here the equations for the value
function for each of the options associated with the two types of decisions that an agent can

face when G = 3 (the process can be easily generated for any value of G).

Let i be the production good, 7, the consumption good and &, the medium of exchange for
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the agent under consideration, we have:

o(i) = 1/(+ B)Y =1/ (x+ )" =1/(1+ B)'®
o(ik) = 1/ (1 + @)™ = 1/(1 + B)Jw&kj =1/ + [g)(eik+gkj)/(€ik.ekj)
(k) = /(1 + £)% = /(1 + 8% = /(1 + £

v(ki) = 1/(1+ B)™ =1/ (1 + @)W = /(1 + @) wten)/(wen)
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Induction of a non-competitive behavior in a

*

duopoly

ABSTRACT. Duopolies describe situations where two independent sellers compete for cap-
turing market shares. Such duopolies do exist in the world economy (e.g. Boeing / Airbus,
Samsung / Apple, Visa / MasterCard) and have been extensively studied in the literature us-
ing theoretical models. Among these models, the spatial model of Hotelling (1929) is certainly
the most prolific and has generated a subsequent literature, each work introducing some vari-

ation leading to different conclusions. However, most models assume consumers to have an

*. The content of this chapter is an independent research article under review. Its has been simply format-
ted for the sake of graphical consistency. The co-authors of this article are Basile Garcia (equal contribution),
Thomas Boraud, Nicolas Rougier & Sacha Bourgeois-Gironde.
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unlimited access to information (perfect information hypothesis) and to be rational. Here
we consider a situation where consumers have a limited access to information and explore
how this factor influences the behavior of the competing firms. We first characterized three
decision-making processes followed by individual firms (maximizing one’s profit, maximiz-
ing one’s relative profit with respect to the competitor; or tacit collusion) using a simulated
model, varying the level of information of consumers. These manipulations alternatively lead
the firms to minimally or maximally differentiate their relative position. We then tested the
model with human participants in the role of firms and characterized their behavior accord-
ing to the model. Our results demonstrate that a limited access to information by consumers
can actually induce a mutually beneficial non-competitive behavior of firms, which is not
traceable to explicit collusive strategies. Imperfect information on the part of consumers can

therefore be exploited by firms through basic and blind heuristics.

3.1 INTRODUCTION

Hotelling*° introduced in 1929 a formal turn-based model aimed at describing competi-
tion in a duopoly. This model considers a pool of consumers that are uniformly spread over
a one-dimensional segment. Two firms selling the same product have to decide where to
locate on this segment and what price to offer for their product, knowing that each consumer
will choose a firm according to its relative distance (linear transportation costs) and the price
of the product. The original study holds that in such conditions, firms have a tendency to
aggregate and compete near the center of the segment (minimal differentiation principle)
due to the effort of the firms to capture the largest number of consumers. However,
subsequent research*>***7*% demonstrated the existence of an antagonist principle of

maximal differentiation, using either quadratic transportation costs, a higher number of
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competitors or a higher number of dimensions on which firms can differentiate themselves.
In the end, both minimal and maximal differentiation can be incentivized and observed*++.
Here we show how the level of information of consumers may induce different behavior for

the two firms, depending on their strategies.

Several experimental studies have already attempted to characterize the various factors
influencing differentiation. For instance, Kruse & Schenk*® allowed for communication
between participants in the role of firms and showed that they tend to group in the
center when communication is limited, but on the contrary, to differentiate themselves
if communication is unlimited (cooperation). Similarly, Kephart & Friedman® set up a
protocol contrasting continuous and discrete time and demonstrated that continuous time
could trigger a maximal differentiation strategy, as it allows some form of communication,
and as a consequence, some form of cooperation. These two findings brought together
suggest that quick and/or full information transmission can help to reach a cooperative
equilibrium in a typical Hotelling’s model. Several other studies brought up arguments
supporting the robustness of the minimal differentiation phenomenon such as, for example,
the four-player version of the game by Huck et al.#* or in Barreda et al.’, where subjects
tended to group in the center under several experimental conditions. Although there is a
treatment in Barreda et al.> with human subjects as consumers, what is common to all these
works is their shared assumption of the fact that firms are competing to capture rational
and fully informed consumers—even when they document spatial behavior that departs
from Nash equilibrium when it theoretically exists. The case when consumers have no
full informational access to the firms’ strategies and when firms must compete over this
less than completely informed consumers have not been addressed, to our knowledge,

in the experimental literature related to Hotelling. It has yet important implications
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as it is a common fact that consumers are not fully aware of all options available on the

markets they participate in and that firms know and anticipate this fact in their own strategies.

Stigler®" argued that the information question should be fully taken into account in such
competition models, as it can deeply impact the nature of equilibria. This is particularly im-
portant as consumer choices are known to be subject to several biases and based on partial
information®+**. More precisely, the uncertainty resulting from the imperfect nature of in-
formation has been shown to provide an incentive for the firms to regroup and transparency
of the market is thus a prominent factor for differentiation **7?. In line with predictions from
earlier studies*”'**+77, we postulate that in a duopoly context, the consumers’ access to infor-
mation is a critical factor for the differentiation of the two firms. We thus defined a formal
turn-based model (based on the original Hotelling model) that allows us to explicitly manip-
ulate the amount of information available to consumers while retaining their rational nature.
Agents can act rationally under partial information and thereby induce observable organiza-
tional patterns in the market that differ from what is expected under perfect information.
We therefore test the hypothesis that the amount of information accessible to consumers can
variably drive the differentiation of the two firms: when this amount is low, firms will be
maximally differentiated; when this amount is high, firms will be minimally differentiated.
We test this hypothesis using a simulation where we consider three decision-making processes
for the firms, namely (i) a maximization of short-term profits, (ii) a maximization of the dif-
ference of profits between the firm and its opponent, (iii) a maximization of the profits of the
two firms. They constitute plausible behavioral responses on the part of firms in the light of
partial information on the part of consumers. These heuristics helped us to characterize the
behavior of human subjects for the experimental part of this work where subjects play the

role of the firms under different informational conditions.
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3.2 RESULTS

CoMPUTATIONAL. In order to test our hypothesis regarding the influence of the infor-
mation level of consumer (measured by his view radius) on the differentiation of the two
firms, we ran 1000 simulations using a random view radius between o.00 and 1.00 and
tested three different heuristics for the firms, namely Profit Maximization (PM), Difference
Maximization (DM) and Tacit Collusion (TC). For each of these simulations, we measured
the mean distance between the two firms, which is the distance separating the two firms
averaged over the last third on the 100 turns. We report on Figure 3.1 all these distances on the
y axis and the corresponding view radius on the x-axis. Minimal differentiation corresponds
to a mean distance of o.0oo—firms being placed at the center of the linear city—while
maximal differentiation corresponds to a mean distance of 0.so—one firm being placed on

the first quarter of the linear city and the other one at the last quarter.

The high dispersion of the points when 7 is close to 0.00 or near 1.00 can be explained by
the fact that the firm location has almost no impact on the firm profits. If the value of 7 is
close to zero, the consumers are almost blind in the sense that their view radius is so narrow
that except if the competitor is very close, each firm would sell its product to only a few
consumers, regardless of its position. If 7is close to 1.00, the visual field of the consumer is so
broad that it will see both firms and these firms will always compete. For such extreme values
of 7, the mean distance observed is close to 0.33, which corresponds to the mean distance
observed for random moves. Because each consumer sees only its own position or sees both
firms, it is indeed expected that the firms randomly choose their location, which corresponds

to a mean distance of 0.33.
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Figure 3.1 - Simulation results. For each of the three heuristics (Profit Maximization [PM], Difference maximization [DM],

Tacit collusion [TC]), tooo simulations were run with a random (uniform) view radius for the consumers. The distance be-
tween the two firms, the profit and the price as a function of the consumers’ view radius is displayed on panels A (PM), C
(DM) and D (TC). Each dot corresponds to the mean distance that has been observed between the two firms during a single
simulation and vertical bars indicate the standard deviation. Mean prices and profits are reported on the right using gray
bars and the standard deviation in black. For each of the three heuristics (PM, DM, TC) and for low and high view radius
(r» = 0.25,7 = 0.50), 25 additional simulations were ran and observed distance, price and profit are displayed on the right
(B, D, F) in order to compare them to the experimental results.
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We can observe on figure 3.1A that for the PM heuristic, a view radius of .50 corresponds
to the minimal differentiation principle where the two firms compete to occupy the central
position because this is the unique position that gives access to all the consumers (all
consumers are potential consumers for the firm positioned at the center). It thus makes sense
for the two firms to compete around this position and to try to get a maximum number of
consumers in order to maximize their profit. Because of this competition, the mean price
for both firms is very low and leads to moderate profits. When the view radius is reduced
to 0.25, the mean distance between the two firms is maximal (o0.0s5). This specific radius
corresponds to a case where there is a possibility of local markets as shown on Fig. 3.4. The
two ends of the plateau when » = o0.25 represents a compromise between competition and
a lesser number of consumers, but those consumers are captive for each firm. This allows
both firms to set higher prices and to maximize their profits. When the DM heuristic is
used (see Fig. 3.1C), there is no maximal differentiation anymore when » = o.25. Firms
tend to minimally differentiate, their respective position forcing them to reduce their prices
and hence, greatly reducing their profits compared to what happens with firms using a PM
heuristic. As one would expect, when firms try to optimize at the same time their profit and
their opponent’s profit (TC heuristic), prices become independent of the firm position and
the principle of maximal differentiation only applies in the vicinity of » = o.25 where the

two firms can equally share the market (see Fig. 3.1E).

Focusing our attention on the specific cases where » = o0.25 or » = o.50 (figures 3.1B,
3.1D and 3.1F), one can notice quite different situations in terms of distance, price and profits
for the three policies respectively. For » = o.2s, the principle of maximal differentiation
applies for PM and TC heuristics, leading to maximal prices and profits. This is not true

for the DM heuristic where the principle of minimal differentiation seems to apply, leading
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to moderate prices and profits. For » = o.50, the situation is different and both the PM
and DM heuristics lead to a minimal differentiation of the two firms with low prices and
profits. Only the collusive heuristic (T'C) allows for an implicit equal share of the market, with
highest prices and profits. Together, these three heuristics allow to give account on minimum
or maximum differentiation in the two specific cases of low and high level of information

available to the consumers.

EXPERIMENTAL. When considering the effect of the view radius of consumers on the
mean distances, prices and profits, experimental results are very similar to the results of
simulations when the Profit Maximization (PM) heuristic is used, and this, independently of
whether the opponent’s profit is visible or not. More precisely, the median distance is greater
when » = 0.25 than when » = o.50 (# = 81.5,p < 0.001 when s = 0; # = 33.0,p < 0.001
when s = 1). The same applies for the prices (# = 128.5, p < o0.001 when s = o5
# = 30.5,p < o.0o1 when s = 1) and for the profits (¥ = 178.0,p < o0.0o1 whens = o;
# = 1B3Ls,p < o.0oo1 when s = 1). The display of the opponent’s profit (condition s = 1)
has a limited effect on the general shape of the data relatively to distance, price and profit. It
only has an effect on distance when » = 0.25 (# = 191.0, p = 0.007). Although the general
shape of data is close to what has been observed inis to be able simulations using the PM
heuristic, the dispersion of results is much more spread out and we assume this scattering of

the data can be attributed to inter-individual differences.

In order to study this inter-individual variability, we computed three individual scores
for each subject, assessing the compatibility of their behavior for each time step of the
experiment with the use of (i) a PM heuristic, (ii) a DM heuristic, (iii) a TC heuristic.

Distribution by experimental condition of PM, DM and TC scores are shown in Fig. 3.2B.
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A matrix correlation of the scores by experimental condition has also been computed (see
Fig. 3.2C). Several observations regarding this individual scoring can be made. First, whether
opponent profit is displayed (s = o) or not (s = 1), the radius » has an impact on PM, DM
and TC scores. The DM median score is higher when » = 0.50 compared to when » = 0.25
(n = 488,p < o.0oorwhens = o; # = 460 when s = 1) while PM median score is lower
(# = 1048,p = o0.0o1 whens = 0; # = 861,p = 0.009 when s = 1), as is the TC median
score (# = 179, p < o.0or when s = o; # = 87,p < o.0o1 when s = 1). Second, the display
of the opponent’s profit has an effect on individual scoring. When s = 1, the DM median
score is higher when » = o.25 (# = 733.0,p < o.001), and the TC median score is lower
for both value of 7 (# = 948.0,p = 0.002 when » = o0.25; # = 881.0,p < o0.001 when
7 = 0.50). Third, similarly as results obtained in simulation, a radius value of 0.25 allows to
discriminate the use of a PM heuristic from a T'C heuristic, and a radius value of o.50 allows
to discriminate the use of a PM heuristic from a DM heuristic. This is especially noticeable
when looking at the distribution of the scores (figure 3.2B) but also when looking at the
correlation matrix (figure 3.2C). When » = 0.25, a subject who has a high score in PM would
likely to have a high score in TC but a low score in DM, while when » = 0.50, a subject who

has a high score in PM would likely have a high score in DM but a low score in TC.

If we now look more closely at individual behaviors, it is striking to see that when subjects
competing together has been identified both as users of a specific heuristic (i.e. obtained a
high score toward PM, DM or TC), the dynamics of his playing is very similar to the corre-
sponding simulation. With » = 0.25, subjects using PM heuristic tend to position themselves
at the first and third quarters of the segment and both set a high selling price (see Fig. 3.3A).
However, when » = o.50, subjects position themselves at the center and immediately lower

their price (see figure 3.3B) even though they are less inclined to do so compared to simulated
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firms using the corresponding heuristic. They are actually trying to regularly increase their
price. The situation is a bit different for subjects using a DM heuristic when » = o0.25 (see
Fig. 3.3C). In that case, the positions of subjects oscillate around the center accompanied with
an increase and decrease in prices, indicating a will to capture the market of their opponent.
When » = o0.50, both simulated firms and human subjects using a T'C heuristic set their
prices at their maximum but the dynamics are not exactly the same (see Fig. 3.3D). Subjects
positioned themselves further apart, and this increase of the distance can be assumed to be

due to an intent from the subjects to communicate their goodwill to their opponent.

3.3 DiscussioN

The principle of minimal differentiation as exposed in the seminal paper of Hotelling *
did not reach consensus in the abundant subsequent literature. Once some restrictive as-
sumptions of the initial model are relaxed (for instance, number of firms, spatial structure or
cost structure), it has been shown that the principle of minimal differentiation can be invali-
dated and that the antagonistic principle of maximal differentiation could apply***#52%44,
Coincidentally, both simulations and experiments allowed us to demonstrate that the
consumers’ amount of information also affects the differentiation of firms with respect
to their decision-making features. We isolated incentives supporting either a geographic
concentration and a fierce price competition resulting in drastic reduction of profits, or a

maximal differentiation inducing a softening of the price competition and thereby a large

increase in firms’ profits.

This means that the principle of maximal differentiation may be systemic and cannot

be uniquely attributed to the deliberate use of a cooperative strategy on the part of firms,
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presents evolution of positions and prices of two firms in competition. A. Left: artificial firms using a profit maximization
strategy; right: two participants with a high score in profit maximization; » = o0.25. B. Left: firms using a Profit Maxi-
mization (PM) heuristic; right: two participants with a high score in PM; » = o.50. C. Left: two firms using a Difference
Maximization (DM) heuristic; two participants with a high score in DM; 7 = 0.24. D. Left: two firms using a Tacit Collusion
(TC) heuristic; right: two participants with a high score in TC; » = o.50.
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or to tacit collusion as in Kruse & Schenk®® and Kephart & Friedman®. In our case, the
use of a tacit collusion in the condition where high information is available, led a few
participants in our experiment to maximally differentiate themselves from their competitor.
However, when consumers have only access to a low level of information, the occurrence of
maximal differentiation in experimental results can in turn be interpreted as an adaptation
to these consumers’ limited access to information. In that circumstance, firms using a profit
maximization heuristic formed local monopolies without any willingness to cooperate with
the other firm. This supports and provides a possible rationale to d’Aspremont et al.’s

final open remark in their fundamental reexamination of Hotelling’s model**

, according
to which, contra Hotelling, one should intuitively expect differentiation to be a distinctive
feature of oligopolistic competition. Oligopolists should indeed be better off by dividing
the markets into submarkets over which they each exert quasi-monopolistic control. Our
results actually demonstrate that a limited access to information, on the part of consumers,
can be an underlying factor—and a prevailing one in actual competitive markets—that
induces a non-competitive behavior from which firms, without prior explicit collusion, can
take advantage of the situation and establish local monopolies which are detrimental to

consumers. Our results show that only the use of a profit difference maximization heuristic

precludes the formation of such local monopolies.

Besides, the use of these heuristics allowed us to emphasize heterogeneous behaviors.
Thinking these various behaviors in terms of deviation from a rational behavior—
understood as the maximization of a unique utility function—would have prevented us
from making sense of this heterogeneity. In order to define our heuristics, we measured
whether our subjects looked for maximizing their own profit, whether they aimed at

maximizing the difference of profits with their opponents, or finally whether they tried to
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create a tacit collusion. The profit maximization heuristic appears to be a good predictor of
the firms’ aggregated behavior, while the other heuristics offer an opportunity to account

for less expected behaviors.

The use of a difference maximization heuristic indeed supported a fierce competition
when informational structure opened the possibility of quasi-monopolies. The use of this
heuristic could be explained by the presence of an underlying anchoring bias™: as it is
difficult to evaluate the success of a move per se, a move is considered efficient if it leads
to better profits than its opponent. In other words, firms’ strategy evaluation relies on
comparisons to a given point instead of an evaluation in absolute terms. This could explain
why this heuristic has been promoted by the display of the opponent score. The use of such
heuristic could also be due to an underlying zero-sum bias 0475, considering wrongfully that
a greater profit for its opponent is necessarily a profit loss for itself, a firm could decide to

make its choice only considering the profit difference.

While difference maximization heuristics precluded under certain conditions the forma-
tion of monopolies, the use of a tacit collusion heuristic allowed to relax price competition
when information structure was promoting it. As a means to avoid the drawbacks of a
competition situation leading to lower profits, the use of such heuristic could be explained
by the search for a Pareto optimality”°—that is to say following the strategies that lead to a
repartition of profits such as no firm could earn more, otherwise it would be at the expense
of the other. It could also be interpreted as deliberate attempts to emit signals in order to
relax competition in a situation where the communication technology needed to lead it

rationally is lacking.
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Another consideration that is raised by our study is that the consequences of using such
heuristics can differ from Nash predictions applied to a basic Hotelling’s model under full in-
formation: for instance, the use of a tacit collusion heuristic under full information leads to
maximally differentiate while minimal differentiation would be expected. However, itis now
awell-trodden theme that heuristics can be interpreted in terms of their adaptive rationality .
Aslong as a chosen heuristic improves the outcome of the game and corresponds to relatively
stable observable spatial patterns, we can speak of a specific form of rationality arising under
the imposed informational constraint. A work by Sutton ™, applied to the Hotelling’s model,
explores such an equilibrium notion and weak rationality requirement, based in his case on
a single heuristic, which is to seize an opportunity when it presents itself. It would take a
turther study to understand how the heuristics highlighted here indeed constitute adapta-
tive rational behaviors to informational constraints, either exerted on consumers—by means
of their difficulty to have access to information—, or exerted on firms—by means of their

disability to communicate.

3.4 MATERIALS & METHODS

SimuraTions.  We consider a normalized unidimensional space with a linear city con-
stituted by a normalized segment [0, 1], two firms {F;},c[.,) and a group of N consumers
{Cl-},-e[lj N Each consumer C; = (x;, 7;) is characterized by a position x; and a view radius
7;. Each firm F; = (x;, p;) is characterized by a position x; and a price p;. Consumers are uni-
formly spread over space such that x; = i~/~N—.. View radius is defined on a per-experiment
basis. Firm position is a free variable and must correspond to a consumer position such that
there are only N different possible positions for a firm. Price p; is a free variable and is dis-

crete: there are P possible prices spread uniformly between a minimal price P,,;, and a max-
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imal price P,,,.. Simulations are turn-based”>**. We distinguish at each turn an active firm
that is allowed to select a strategy and a passive firm that has to wait for the next turn to react
and deploy its own strategy. More specifically, at turn #, Firm A (F; or F,) chooses its location
and its price, consumers choose a firm and profits are collected for both firms. At turn £ 41,
Firm B (£, or ;) chooses its location and its price (while firm A keeps location and price from
previous turn #), consumers choose a firm and profits are collected for both firms. Let IT; be
the profit of the firm F; for a single turn defined by I'l; = p; - ¢; with p; the price at which F;
sells its product, and ¢; the quantity F; sold. Each consumer has a view radius that defines a
segment centered on the consumer [x; — 7;, x; + 7;]. Only firms located inside this segment
are considered by the consumer (see Fig. 3.4). Consequently, at each turn, some consumers
will see only one firm and will be captive since they cannot choose what firm to buy from.
Some consumers will see both firms and are named volatile because they can choose any of
the two firms depending on their choice criterion. Some consumers won’t see any firms and
cannot buy, and thus are named ghost consumers. A view radius of o means the firm has
to be at the same position to be seen while a radius of 1 means firms are always seen by the
consumer. Reciprocally, and depending on the consumer view radius, firms have access only
to a subset of all the consumers, they are named the potential consumers and represent the

sum of captive and volatile consumers.

PARAMETERS. For all the simulations, we used the following parameters: N (number of
consumers) = 21, P (number of prices) = 11, P,,;, (minimal price) = 1, P,,,, (maximal price) =
10, Number of turns = 100. The initial position and price for the passive firm (first turn) are
randomly assigned. The view radius (7) is the same for all the consumers and is comprised
between o and 1. For each of the three different decision-making processes, we ran (i) 1000

simulations with » randomly (uniformly) drawn between o and 1 for each simulation; (ii)
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Figure 3.4 - Model. The model is represented by a one-dimensional line segment over which consumers (black dots) are
spread uniformly. Firms (outlined red dots) are free to position themselves on any consumer position. Consumers view
firms that fall within their view radius such that some consumers view only one firm (captive consumers), some consumers
view both firms (volatile consumers) and some consumers view none (ghost consumers). The number of captive, volatile
and ghost consumers for a firm depends on the size of the view radius of the consumers and the respective position of the
two firms. The number of captive consumers increases as the view radius of consumers decreases. The number of potential
consumers (captive + volatile) of a firm is a function of the position of the firm and the view radius of the consumers. When
the level of information is high (» = 0.50), there is a unique position where all the consumers are potential consumers for
a firm. When the level of information is low (» = 0.25), there is a whole segment where exactly half the consumers are

potential consumers for a firm.
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25 additional simulations with » = o.25 and » = o.50 respectively, in order to characterize

experimental data.

DECISION-MAKING PROCESSES. Consumers do not choose the amount of information
they dispose and may see zero, one or two firms. In the event that they do not see any firm,
they are unable to buy and have to wait for the next turn. If they see a single firm, they have
no means to compare prices and have to buy from this firm, independently of the price (each
consumer has an unlimited budget). When they are able to see the two firms, they buy from
the firm offering the lowest price. In the specific case where prices of both firms are equal,
they choose randomly between the two. Firms have perfect knowledge of the environment:
they know (i) the price and the position of the opponent, (ii) the location of each consumer x;,
(iii) the view radius »; of each consumer and (iv) the decision-making method of consumers.
Firms from two different simulations can differ in their decision-making process but two
firms from the same simulation share the same decision-making process. Decision-making

process of a firm is either one of the three following heuristics:

Profit Maximization (PM). Each time an active firm plays, it computes the potential profits
for all the possible couples position-price regarding the current decision-making pro-
cess of the passive firm, and chooses the couple position-price that maximizes profit
(in the case where several couples position-price lead to the same best payoft, the firm

chooses randomly between these moves);

Difference Maximization (DM). If Firm A is the active firm, the difference between its own
profitand the profit of Firm B is computed for each possible move, and the move lead-
ing to the greatest difference is chosen (in case of multiple moves leading to the greatest

difference, the move is randomly chosen between those moves);

Tacit Collusion (TC). The distance to the maximum profit for Firm A and the distance to the
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maximum profit for Firm B are computed for each move the active firm can play, the

chosen move is the one leading to the minimum sum of the distances.

ExPERIMENTS. Participants were recruited using the Amazon Mechanical Turk (AMT)
platform. AMT is an online crowdsourcing service where anonymous online workers com-
plete web-based tasks in exchange of a compensation. It was noted that responses from AMT
participants were at least as reliable as those obtained in laboratory™*. In addition, AMT par-
ticipants exhibit similar judgment and decision biases such as framing effects, conjunction
fallacy, or outcome bias®®. The ethics approval for this project was provided by the Ecole
Normale Supérieure as per the school’s guidelines. In line with ethical guidelines, all partici-
pants provided informed consent before proceeding to the experiment. Participants also had
to fill in a survey asking their age, nationality, and gender. A financial compensation of one
dollar was offered to each participant, with a bonus proportional to their score. Participants
were paired inside a dedicated virtual room and each pair went through one of the four treat-
ments. The four treatments correspond to the combination of two factors: consumers’ view
radius () and the display of the opponent’s profit (s). The consumers’ view radius that was
either low (7 = 0.25) or high (» = 0.50) and the opponent’s profit was either hidden (s = o)
or displayed (s = 1). For all the rounds, we used the same parameters as for simulations
except that we maintained constant the initial locations of firms: one of the two firm was
placed at one of the extrema of the segment, the other firm at the other extrema. Their initial
price was set to s. The subject playing first was randomly selected. The number of rooms for
each condition and corresponding number of subjects which went through all the process is:
(r =0.25,5s =1,n = 26),(r = 0.25,5 = 0,7 = 30),(r = 0.50, 5§ = 1, n = 26), (r = 0.50,

s = 0, n = 29). Additional information is provided in the supplementary section.



ANALys1s.  Only data obtained from subjects that have fully completed the experimental
procedure has been used for analysis. Among the 420 subjects that signed up to the platform,
216 subjects went through all the process. The reasons why a subject may not have completed
the procedure are (i) the impossibility to match him with another subject, (ii) quit before
the end, (iii) a technical problem (i.e. poor computer performances). The sample of subjects
we used for analysis matches the demographic characteristics of AMT*#. Regarding the
composition of the participants, we noticed a gender parity (women represented 54.1% and
men 45.9%). The average age was 34.75 &= 9.54. We counted a dozen nationalities, the most
common being American (75.78%) with a large majority, and, to a lesser extent, Indian

(1.71%).

We drew a three-dimension profile for each subject by assessing at which extent he maxi-
mized at time 7 (i) his profit—Profit Maximization (PM) score—, (ii) the difference of profit
with the other subject— Difference Maximization (DM) score—, (iii) the profits of both him
and his opponent—Tacit Collusion (TC) score. Let vy(c, £) be the value of the choice c € C
of position-price couple given the use of an heuristic H at time # € [1, 7, (for instance,
vpac, 1) is equal to the profits at the end of #if the firm chooses ¢ using heuristic PM). We

compute the intermediate score for a subject 7 for heuristic H for each #:

v(c, 1)

ﬁ if max.cc v(c, ) > o,
fH(ly l’) — max.ec v\¢,

I otherwise.

with ¢ the choice made by subject 7 at time . We then compute the score for a subject 7 and



for a heuristic H in the following way:

suli) = — D fnli 1

For the analysis, we pooled the individual scores by experimental condition. As we did not
expect a normal distribution of data due to clustering effects at the boundaries of our scales
(i.e. price), assessment of statistic relevancy of our observations has been made with Mann-
Whitney’s U ranking test®, applying Bonferroni’s corrections for multiple comparisons. We

set the significance threshold at 1%.

CODE AVAILABILITY. Simulations were implemented using Python and the Python
scientific stack*®®%.  The code is available at https://github.com/AurelienNioche/
SpatialCompetition. The software used for the experimental part is based on a client/server
architecture. The client part was developed using the Unity game engine, hosted on a dedi-
cated server and ran in the subjects’ web browser using WebGL API. The code of the assets is
available at https://github.com/AurelienNioche/DuopolyAssets. The experiment server
was hosted on a dedicated server and developed using the Django framework. The code of
the server part is available at https://github.com/AurelienNioche/DuopolyDjango. The

analysis program is available at https://github.com/AurelienNioche/DuopolyAnalysis.

DaATa AvArLABILITY. Figures 3 and 4 were produced using raw data that are available at

https://github.com/AurelienNioche/DuopolyAnalysis.

66


https://github.com/AurelienNioche/SpatialCompetition
https://github.com/AurelienNioche/SpatialCompetition
https://github.com/AurelienNioche/DuopolyAssets
https://github.com/AurelienNioche/DuopolyDjango
https://github.com/AurelienNioche/DuopolyAnalysis
https://github.com/AurelienNioche/DuopolyAnalysis

3.5 SUPPLEMENTARY MATERIAL

USER INTERFACE. In most of the previous experimental studies on Hotelling, subjects
were interacting using textual interfaces’®'>*5'. However, it has been shown that Amazon
Mechanical Turk’s workers would complete the task more carefully if they find it enjoyable .
Following the assumption that a visual appealing serious-game would increase subject’s en-

gagement’> and induce naturalistic decision-making?”, we chose to design a game-inspired

interface (see Fig. 3.5) instead of a textual interface.

Figure 3.5 - User interface. The game was running in the subjects’ web browser. The subjects may choose their location us-
ing left and right arrows on the left button pane and their price using the minus-plus button couple. The choice is submitted
using the validation button located on the right side of the interface. They were able to contact the experimentalist using
the chat tool (bottom of the screen).

MATCHMAKING. Participants were recruited using the Amazon Mechanical Turk plat-

form. Once the task accepted, the subjects were asked to visit a dedicated website in order to

67



pass the experiment. Subjects matching relied on a room system comparable to the system
used on online gaming platforms. Each room accepted two subjects. As they were four

experimental conditions, they were four types of rooms (see ‘Materials & Methods’ section).

After logging in, subjects were assigned to a room. The room assigned was in priority a
room where there was only one missing player. Otherwise, they were assigned to an empty
room and were asked to wait for another subject. If no other subject joined within the next
10 minutes, a message was displayed alerting the subject that the experiment could not take
place as no opponent could be found. Once two subjects joined a room, the room was

considered complete” and the training started.

Allalong the process, if a subject closed the tab of his web browser for more than 6 minutes,
he was considered disconnected and a message was displayed to his opponent informing him

that the experiment had to stop as his opponent has quit unexpectedly.

TRAINING. Each subject went through an interactive tutorial, teaching him the rules and
controls for the experiment. He then confronted an artificially intelligent firm using a profit

maximization heuristic (see ‘Materials & Methods’ section).

As in simulations, both firms (subject and simulated firm) competed in terms of location
and prices, on a turn-by-turn basis, during 25 time steps (same duration as the game).
Consequently, the subject had to select every two turn a location on the map, as well as a

price using the interface shown in Fig. 3..

Once both subjects that have been paired together completed their round against the sim-

68



ulated firm, they were playing a second round, this time playing against each other.



When rhesus monkeys play lotteries: An asymmetry

*

of treatment between gain and loss

ABSTRACT. One interesting characteristic of decision-making under risk in humans is the
asymmetry of the attitude toward risk depending on whether the decision-maker faces po-
tential gains or potential losses. Indeed, humans are generally risk averse for bets involving
gains, but risk seeking for bets involving losses. They also exhibit a distorted perception of
probabilities. It is not clear whether non-human primates exhibit the same decision-making

irrationalities. Two rhesus monkeys were allowed to make choices between lotteries involv-

*. The content of this chapter is an independent research article (submitted). Its has been simply formatted
for the sake of graphical consistency. The co-authors of this article are Sacha Bourgeois-Gironde & Thomas
Boraud.
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ing either gains or losses, in order to assess the presence of such an asymmetry. This revealed

an asymmetry in the treatment of gains and losses comparable with that of humans.

4.1 INTRODUCTION

Attitudes toward risk include different behavioral features that can be studied indepen-
dently: risk-aversion, loss aversion, and the distortion of probabilistic information (see
Fig. 4.1). The connection between risk aversion and the utility of an action for an individual

8 Loss aversion and distortion

was established early in the history of decision-theory®
of probabilities have been identified much more recently when expectations of gains and
losses were studied from the current reference point of the decision maker*»*. Indeed, the
seminal studies from Tversky and Kahneman show that humans (i) are generally risk averse
for bets involving gains but risk seeking for bets involving losses, (ii) exhibit loss aversion,
and (iii) their perception of probabilities is distorted in the sense that small probabilities
are over-weighted and high probabilities are under-weighted. These works led to the
formulation of the cumulative prospect theory—a common denomination of the second

89

version of the model of Kahneman and Tversky® —that made the psychological insights

compatible with the maximization of a utility function 86,

In view of the phylogenetic proximity between monkeys and apes (that include human), it
seems of interest to study attitude toward risk in the former in order to extend the descriptive
validity beyond the realm of human decision making. Oddly enough, several studies in
thesus monkeys (Macaca mulatta) report preferences for the riskier option over the safer

63,68,73,80

one when the expected values are equivalent 34, However, this has been contradicted

by other studies that report risk aversion for gains*. In order to explain these discrepancies,
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Figure 4.1 - Attitude toward risk: gain-loss asymmetry and probability distortion. A. A typical utility function for a human
subject. The concavity of the curve for gains indicates risk aversion, while the convexity of the curve for losses indicates
risk seeking. Loss aversion is indicated by a steeper curve for losses than for gains (figure reproduced from Tversky & Kah-
neman®). B. The function of distortion probabilities as they have been described by Tversky & Kahneman?®, Camerer
& Ho ' and Wu & Gonzalez”*. All these functions have in common that small probabilities are over-weighted while high
probabilities are under-weighted (figure reproduced from Gonzalez & Wu *¢).
some authors have advanced the idea that confounding factors could skew the data in the
studies reporting risk seeking®>**. The amount of reward is generally low (the stake for a bet
is generally under 100 uLL of water) and this could create an incentive to prefer risky options
(called peanuts effect). Another factor is that a similar bet is proposed several times in a
same session. This could lead to a bias toward the risky options driven by a meta-preference

for behavioral diversification. It is also noticeable that most of these studies focus on the

attitude toward risk for gains only.

The objective of the present study is to evaluate whether the asymmetry of treatment be-
tween gains and losses seen in humans can also be evidenced in non-human primates, and if
so, provide a fine description of this asymmetry by characterizing it toward (i) risk-aversion,
(i), probability distortion, (iii) stochasticity in choice. For this purpose, we designed an

experimental paradigm in which rhesus monkeys had to choose between choices involving
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either gains or losses. We then fitted their behavioral data to a cumulative-prospect-theory

based decision model to assess the contrast between the treatments of losses and gains.

4.2 REsuLTs

Task. We trained two monkeys, Monkey H and Monkey G, to perform choices when
facing a pair of lotteries. At each trial, the monkey had to touch one of two circular targets
on a touchscreen, each of them associated to the choice of a lottery. Each lottery had two
outcomes, a positive or negative amount x and o. The amount x is the actual outcome of
the lottery with probability p, and o is the actual outcome with probability 1 — p. Amounts
were represented by texture (different line orientations) and probabilities by the slice taken
by the corresponding outcome on the target (see Fig. 4.2). For implementing losses, the
monkey was rewarded at the end of trial with an amount of water proportional to the level
of gauge filled with tokens. Starting each trial with 3 tokens, the monkey could win or loss

up to 3 tokens (see Fig. 4.9).

We distinguished two sets of lottery pairs. The first set comprises lottery pairs where there
was a very dominant option. The second set comprises lottery pairs that allow to assess at-
titude toward risk: for such pairs, the choice is between a risky lottery leading to a greater
gain (greater loss) but with a smaller probability, and a safer lottery leading to a smaller gain
(smaller loss) but with a higher probability. For commodity purpose, we will name thereafter

lottery pairs with potential gains LPG, and lottery pairs with potential losses LPL.

CERTAINTY-RISK TRADE-OFF.  In this first section, we report results for the case similar to
that proposed by Kahneman and Tversky*’. The two monkeys were faced with two lottery

pairs. In the first, they had the choice between a lottery giving one token with certainty and
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Figure 4.2 - Representation of outcomes and probabilities. A. Quantity of token earned (lost) is encoded by the pattern.
From left to right: O, 1, 2 and 3 tokens (rotation of the horizontal lines in the other direction would indicate a negative
amount). B. Each lottery with non-degenerate probability is represented by a pie chart composed of two slices. The arc
length of each slice represents the probability associated to the amount corresponding to the pattern of this slice. From
left to right: 3 token gain with probability 0.25,0.5,0.75 and 1.

one giving two tokens half of the time. The second pair was similar to the first, except that

the amounts were negative.

Fig. 4.3 shows the results for these two lottery pairs (Monkey H: 251 trials, Monkey G:
236). The monkeys behaved similarly to the behavior reported in humans in similar trade-
offs*: the monkeys preferred the safest option if the lottery offered a gain and the riskiest
option if the lottery offered a loss (Monkey H: dll = 1, %* = 301.39, p < o.01; Monkey G:

dil =1, x* = 89.37,p < o.01).

STOCHASTIC DOMINANCE. In order to assess the understanding of the task by the two
monkeys, we consider separately the lottery pairs where there was a strictly dominant
lottery. The results of the 96 lottery pairs meeting this condition are summarized in Fig. 4.4

(Monkey H: 19,594 trials; Monkey G: 16,938 trials).

For Monkey H, the median success rate was 0.98 (IQR = 0.95 — 1.00) for lottery
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Figure 4.3 - Certainty-risk trade-off. Each dot corresponds to the frequency with which the riskiest lottery was chosen,
when the choice was between two lotteries with equal expected values but one of the both having a certain outcome. Blue:
potential gains only; orange: potential losses only. A. Monkey H. B. Monkey G.

pairs containing one lottery with potential losses and on lottery with potential gains; 0.8
(IQR = 0.68 — 0.91) for LPG differentiating only by the x values; 0.62 (IQR = 0.57 —0.71)
for LPL differentiating only by the x values; 0.86 (IQR = 0.80 — 0.94) for LPG differenti-

ating only by the p values; 0.87 (IQR = 0.67 —0.93) for LPL differentiating only by p values.

For Monkey G, the median success rates was 0.96 (IQR = 0.89 — 0.99) for lot-
tery pairs containing a lottery with potential losses and a lottery with potential gains; 0.76
(IQR = 0.70 —0.85) for LPG differentiating only by the x values; 0.61 (IQR = o0.55 —0.70)
for LPL differentiating only by the x values; 0.78 (IQR = 0.72 — 0.85) for LPG differenti-
ating only by the p values; 0.80 (IQR = 0.61 — 0.94) for LPL differentiating only by the p

values.

All interquartile range are above o.s, which is the chance level, as the task design includes
only two choice options for each trial. It shows that the animals understand the significance
of the stimuli. However, both monkeys performed worst in the condition where they had to

choose between two lotteries that had two different potential losses with the same probability.
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Figure 4.4 - Performance during control trials. Each dot represents the frequency with which the best option was chosen
for a particular pair of lotteries. Blue: lottery pairs with potential gains only; orange: lottery pairs with potential losses only.
Each box plot extends from the lower to upper quartile of frequencies observed, with the central line at the median. The
whiskers represent the value of 1.5 IQR. A. Monkey H. B. Monkey G.
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This could be interpreted as bad discrimination of losses, but not as a bad understanding of
what aloss is in general because their performance was good for the case in which there was a
choice between a lottery with a potential loss and a lottery with a potential gain, and the case
where there was a choice between two lotteries with the same potential loss but with different

probabilities depending on the lottery.

PERFORMANCE APPRAISAL FOR TRIALS WITH NO STOCHASTIC DOMINANCE. For
lottery pairs where it is possible to distinguish a safer option and a riskier option, we
checked that the frequency with which the riskiest option was chosen was dependent
on the difference between the expected values of the safest option and the riskiest op-
tion. To assess this relationship we used an ordinary sigmoid function to fit the data
obtained on 18 different lottery pairs involving only gains and 18 different lottery pairs in-

volving losses (Monkey H: 4,952 trials, Monkey G: 4,43 trials). Results are shown in Fig. 4.s.

The slope of the curve of the sigmoid function in Fig. 4.5A on the left side (in blue) is steep
and the points are close to the curve, indicating that Monkey H had a good understanding
of incongruent lotteries with potential gains. However, the slope of the curve of Fig. 4.5A
on the right side (in orange) is smooth and the points are further from the curve than for
gains, indicating a less accurate understanding of lotteries with potential losses, even if the

function fitting these points is still monotonically increasing.

The same is also true of Monkey G. The slope of the curve of Fig. 4.5B on the left side
(blue color) is steep and the points are close to the curve, indicating a good understanding of
lotteries with potential gains. The fact that the slope is steeper and the points closer to the

curve than for Monkey H indicates a better understanding. As was shown for Monkey H,
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Figure 4.5 - Monotonicity of risky choice frequency over expected value differences. Each dot represents the frequency
with which the riskiest option is chosen for a particular pair of lotteries. The function fitting these points increases mono-
tonically: the more the difference between expected values favors the riskiest option, the more the monkey is expected
to choose this option. A. Monkey H. Left: pairs of incongruent lotteries involving gains (blue). Right: pairs of incongruent
lotteries involving losses (orange). B. Monkey G. Left: pairs of incongruent lotteries involving gains (blue). Right: pairs of

incongruent lotteries involving losses (orange).
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the slope of the curve of Fig. 4.5B on the right side (orange color) is smooth and the points
are further from the curve than for gains, indicating a poor understanding of lotteries with

potential losses, even if the function fitting these points is still monotonically increasing.

ATTITUDE TOWARD RISK IN NON-HUMAN PRIMATE. To better identify how the
macaques behaves in relation to risk, we fitted a decision-making model including six free
parameters:
— wg and w; that describe to which extent the monkey is risk-averse for lottery pairs in-
volving respectively gains and losses;
— ag and o that describe to which extent the monkey has a distorted perception of
probabilities for lottery pairs involving respectively gains and losses;
— X¢and A/ that describe to which extent the decision-making process is stochastic for

lottery pairs involving respectively gains and losses.

We optimized these free parameters on monkeys preferences over 18 different lottery
pairs involving only gains and 18 different lottery pairs involving losses (Monkey H: 4,952
trials, Monkey G: 4,435 trials). It allows us to describe to which extent the two monkeys
present an asymmetry of treatment between gain and loss. The results of this optimization
are summarized in Table 4.1. We provide a visual representation for the functions for which
these parameters are used: Figure 4.6 shows the utility functions, Figure 4.7 shows the
probability distortion functions and Figure 4.8 shows the stochasticity functions using the

average best free parameter values for each monkey separately.

For Monkey H, the average best value is a little above o for w¢ (0.26) and very low for w;

(—0.73). for Monkey G, the average best value is a little above o for wg (0.14) and very low
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WG WL ag o AG AL

Range [—0.99,0.99] [0.01,1.00] [0.00,5.00]
MonkeyH  0.26(£0.09); —0.73 (F0.11)  0.60(£0.07);0.21(£0.09)  2.25(+0.40);1.66 (+0.27)
MonkeyG  0.14 (£0.10); —0.91(F0.12) 0.95(£0.06); 0.25 (£0.10) 1.23 (£0.29);1.02 (-0.30)

Table 4.1 - Average best parameter values fitting monkeys’ behavior. The first row of this table indicates the range for the
free parameters. The second and third rows give the average best values found for fitting behavioral data (- SD), respec-
tively for Monkey H and Monkey G. Average log-likelihood sums are respectively 68.89 (£5.03 SD) and 67.83 (£4.95 SD)
for Monkey H and Monkey G.

1 1
u(x) u(x)

A B =

Figure 4.6 - Utility functions. Built upon data fitting, they are characterized by the optimization of two parameters: wg,
describing to which extent the monkey is risk averse for gains, w; describing to which extent the monkey is risk averse for
losses. A. Monkey H. Data fitting reveals a slight risk aversion for gains (wg = 0.26) and a strong risk aversion for losses

(w; = —0.73). B. Monkey G. Data fitting reveals a quasi risk neutrality for gains (wg = 0.14) and a strong risk aversion
for losses (w7 = —0.91).
1.00 1.00
0.75 0.75
Sos0 Sos0
2 2
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Figure 4.7 - Probability distortion functions. For each monkey, two probability distortion functions are drawn: one for
lottery pairs involving gains (in blue), one for lottery pairs involving losses (in orange). Based on data fitting, each of these
functions is characterized by the optimization of one parameter, respectively o and ot ;. These parameters describe the
extent to which the probabilities are distorted. A. Monkey H. Data fitting reveals a slight probability distortion for gains
(g = 0.60) and a strong probability distortion for losses (¢; = 0.21). B. Monkey G. Data fitting reveals a quasi linear
distortion of probabilities for gains (e = 0.95) and a strong probability distortion for losses (e.; = 0.25).
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Figure 4.8 - Stochasticity functions. For each monkey, two stochasticity functions are drawn: one for lottery pairs involving
gains (in blue), one for lottery pairs involving losses (in orange). Based on data fitting, each of these functions is character-
ized by the optimization of one parameter, respectively Ag and A;. These parameters describe the extent to which the
decision-making is stochastic (the closer A is to zero, the more the decision-making process is stochastic). In blue is de-
picted how the probability of choosing a risky lottery that gives 3.00 with probability 0.2 increases as the amount with
certainty of a second lottery decreases progressively from2.99 to o.10. In orange is depicted how the probability of choos-
ing a risky lottery that results in a loss of —1.00 with probability 0.25 increases as the loss with certainty resulting from
a second lottery increases progressively from —o.10 to 2.99. The smoother the slope, the more the choice is stochastic.
A. Monkey H. Data fitting reveals a stronger stochasticity of choice for losses than for gains (A¢ = 2.25, A\; = 1.66).
B. Monkey G. Data fitting reveals a stronger stochasticity of choice for losses than for gains (A = 1.23, A\ = 1.02).

wy (—o.91). For both monkeys, this indicates a slight risk-aversion for gains and a strong
risk-seeking for losses. These optimized values (wg and w;) allow to reconstruct the utility

functions of the two monkeys, as shown in Fig. 4.6.

For Monkey H, the average best value of a. is a little lower than 1 (0.60) while that of .,
is very lower lower than 1 (0.21). This indicates a slight distortion of probabilities for gains

and a strong one for losses (see Fig. 4.7A).

For Monkey G, the average best value of a¢ is close to 1 (0.95) while that of a; is very
low (0.10). This indicates a quasi-linear perception of probabilities for gains and a strong

probability distortion for losses (see Fig. 4.7B).

For Monkey H as for Money G, the average best values of A are higher than those of A
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(respectively 2.25 and 1.23 versus 1.55 and 1.02). This indicates a greater stochasticity in choice

for losses than for gains for both monkeys (see Fig. 4.8).

4.3 DiscussioN

This study has developed a new paradigm assessing attitude toward risk in macaque mon-
keys facing lotteries that comprised either potential gains or losses. Both macaques investi-
gated displayed an asymmetric behavior toward gain and losses. They were slightly risk averse
or risk neutral for gains but strongly risk seeking for losses. They also exhibited either a slight
probability distortion or a linear perception of probabilities for gains but a strong probability
distortion for losses. Such an asymmetry of treatment between lotteries involving gains and
losses is congruent with the predictions of the prospect theory and is similar to what has been

observed in humans*>%°.

UNDERSTANDING OF THE TASK & STOCHASTICITY IN CHOICE. Despite the large
number of different lottery pairs, both monkeys generally showed a good understanding of
the task. The large number of choice situations rules out the possibility that the monkeys
would have been able to memorize the best choice in each case, without decoding the stimuli
(the protocol included 126 different pairs of lotteries, with stimuli rotated randomly from

one trial to another).

However, if the animals seem to understand well both magnitude and probability
concerning gains (see Fig. 4.4), they seem to be less accurate for losses. Indeed, if in the
control condition where both the lotteries contain potential losses of similar magnitudes

but the probabilities vary, the monkeys had good performances (i.c. they selected the lottery
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with the smallest probability of loss more than 80% of the time), it is not the case for lotteries

where probabilities were fixed and magnitudes varied (see Fig. 4.4).

Also, there is a greater stochasticity in choice for losses than for gains, as captured by the
precision parameter in our data fitting (for both monkeys, A was superior to Az). We can
assume that it is the consequence of the asymmetry of understanding of gains and losses re-

vealed by the control trials.

ASYMMETRIC ATTITUDE TOWARD RISK. In this study, we observed a strong asymmetry
in attitude toward risk between gains and losses for both monkeys. Monkey H exhibited a
slight risk aversion for gains (positive value of the parameter w¢) while Monkey G was nearly
risk neutral for gains. However, both exhibited strong risk seeking behavior for losses (very

negative value of the parameter wy).

If our results fulfill the predictions of the prospect theory**° to that respect, they do
not replicate the previous results in rhesus monkeys that report a tendency to seek risk for
gains 7%+ This discrepancy can have at least four reasons. (i) Strong individual differences
have been noted in humans and can also be expected to occur in rhesus monkeys—that
is why the behavior of the two monkeys has been analyzed separately. (ii) In our task, at
the start of each trial the monkeys had an initial amount of water, to which their gains
(losses) were added (subtracted). This makes the stake for a single trial larger and maybe
allows the peanuts effect to be avoided—risky behavior is promoted with small rewards®*.
(iii) The number of different pairs of lottery in previous studies was much lower. It is

therefore possible that the results of previous trials were too strongly influenced by findings

from rather specific lottery pairs. (iv) In a recent study that implement also losses*', the
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introduction of a small amount of water for each successful trial is maybe the cause of the
report of risk seeking for gains: the certainty for the monkeys to have a small reward may

induce an incentive to choose the riskiest option.

Concerning the attitude toward losses, our data are consistent with the two studies
that addressed specifically the question and revealed risk seeking behavior for losses in
capuchins®, or rhesus monkeys®. The latter proposed an experimental paradigm that
mixes losses and gains and found risk seeking behavior both for gain (see above) and losses.
However, no separate assessment of the understanding of losses was performed. Therefore,
the very flat utility function in losses—function drawn upon data fitting—could be an

indicator of a poor understanding of the losses similar to the one we observed in our data

(see Fig. 4.4).

Capuchins and rhesus monkeys come from two different parvorders of primates (respec-
tively Platyrrhini and Catarrhini, the latter including also the apes). It suggests that attitude

toward risk in losses is pretty well conserved across all Simiiformes species (i.e. monkeys and

apes).

PROBABILITY DISTORTION.  Strong probability distortion has been observed in humans*
and rhesus monkeys®* for lotteries involving gains and was therefore expected in this study. In
our study, we observe only a moderate one in lotteries involving gains. However, we observed
a strong probability distortion for lotteries involving losses. Monkeys seemed to seek risk
when dealing with potential losses, but this behavior is combined with difficulty to evaluate
the quantity of loss (see Fig. 4.4). Itis thus hard to discriminate if the animals do seek for

risk or just try to avoid losses whatever the magnitude. This could be pointing to an adaptive
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behavior in the sense that, if an individual cannot correctly evaluate the amount of a loss,
one solution could be to avoid all loss as far as possible, leading to adopt a seemingly risky
behavior. This could explain why our two monkeys are far more risk-seeking when facing
potential losses than they are risk-averse when facing potential gains. Unfortunately, to the
extent of our knowledge, the previous studies on probability distortion either did not mixed
losses and gains or did not use a different parametrization for both. Therefore, even if such an
asymmetry of probability is not predicted by the prospect theory*>*, it would be interesting
to know if distortion is depending of the composition of lotteries and can be generalized to

other species, including humans.

INSIGHT ON THE ENCODING OF UTILITY IN THE BRAIN. Our behavioral data may help
to solve an old paradox concerning the encoding of utility by the primate brain. It has
been proposed that, in a choice decision situation, dopaminergic (DA) neurons encode
the expected value of the chosen option®. Expected reward is proposed to be encoded by
the magnitude of the increase in the firing rate of DA neurons, while negative outcome is

encoded by a decrease®“*5.

However, the baseline firing rate of DA neurons is quite low
(about 2 spikes per seconds). This does not allow the system to encode negative outcomes
as accurately as positive ones and precludes the possibility of a linear representation of the
magnitude of loss. The definition of negative outcome is not clear from the literature. It
has been associated with punishment (such as air puff in the face or electric shock) as well as
loss or absence of reward. These different forms of negative outcome could well represent
different categories and be encoded differently in the brain. Alternative theories proposed
alternative pathways to encode negative value® or that different DA neurons populations

encode positive and negative expected values*. However, the behavior of the monkeys in

this study suggests an alternative hypothesis. The animals were not able to distinguish a
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large loss from a small one precisely because the encoding of expected losses is inaccurate. We
therefore don’t need to find an alternative pathway to encode losses (but punishment can
still be encoded differently). To test this elegant alternative hypothesis, it would be necessary

to record DA-neurons (and their striatal target) during the task used in this study.

The present study has demonstrated that the attitude toward risk of rhesus monkeys is
similar to that reported in humans and followed quite closely the predictions of the cumula-
tive prospect theory. This validates the use of the macaque model for the study of decision

making under risk and investigating the underlying mechanisms.

4.4 MATERIALS & METHODS

BEHAVIORAL PROTOCOL

ANIMALS. The study was performed on two female rhesus monkeys, Monkey H born in
2012 and Monkey G born in 2011. The monkeys were housed in the animal facility of the
Institute of Neurodegenerative Diseases (UMR CNRS 5293, Bordeaux, France) under stan-
dard conditions (a 12h light/dark cycle with light on from 7.00 am to 7.00 pm; humidity
at 60%, temperature 22°C = 2°C). Experimental procedures were performed in accordance
with the Council Directive of 2010 (2010/63/EU) of the European Community and the Na-
tional Institute of Health Guide for the Care and Use of Laboratory Animals. The protocol
received agreement from Ethical Committee for Animal Research CEso (agreement number:
C33063268). Data using for analysis were collected over 151 days (Monkey H: 195.07 4= 102.42

SD trials per day; Monkey G: 171.76 = 97.30 SD trials per day).
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CoDE AVAILABILITY. The code for monitoring the task and for data analysis has been writ-
ten in Python, using the Python scientific stack *>*7#*. It ran under macOS Sierra. The code
for the task is available at https: //github.com/AurelienNioche/MonkeyProject. The code

for the analysis is available at https: //github.com/AurelienNioche/MonkeyAnalysis.

DATA AVAILABILITY. The data are available at the same address than the analysis program:

https://github.com/AurelienNioche/MonkeyAnalysis.

COMPOSITION OF LOTTERIES. At each trial, the monkey had to choose between two
lotteries. Each lottery L; with 7 € {1, 2} had two outcomes, x; and o. x; is the outcome of the
lottery i with probability p; while o is the output of the lottery with probability 1 — p,], with

pi € {0.25,0.50,0.75, 1.00}. For all lottery i, x; is a non-zero integer in the interval [—3, 3].

Because of the large number of possible lottery pairs, several cases were distinguished and

grouped in two sets.

The first set is composed of lottery pairs that were used to evaluate the animal’s under-
standing of the task. Pairs belonging to this set are those in which there was a very dominant
option whatever the attitude towards risk of the subject: L, dominates L, so the monkey is
expected to choose L, if it understands the task. The following cases were extracted:

— x, > oandx, < owhilep, = p,; assess the discrimination of losses from the gains (this

is the only case included in the design mixing potential gains and potential losses in a
single trial); 36 different lottery pairs.

— po = p,and x, > x,, with x,c,, > 05 assess the discrimination of positive quantities; 1.

different lottery pairs.
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— p = p.and x, < x,, with x,c,, < 05 assess the discrimination of negative quantities; 12.
different lottery pairs.

— P > p.andx, = x,, withx,e,, > 0;assess the discrimination of probabilities associated
to positive quantities; 12 different lottery pairs.

— p < poandx, = x,, with x;,, < 05 assess the discrimination of probabilities

associated to negative quantities; 18 different lottery pairs.

The second set is composed of lottery pairs that allowed the attitude toward risk of the
subjects to be evaluated. Quantities and probabilities differ at the same time in an incon-
gruent way: a trade-off has to be found and a choice made between Z,, which is the riskiest
option, and L, which is the safest option. If the subject is risk-seeking, he will be biased to-
ward choosing L,. The following cases were extracted:

— p < p,andx, > x,, with x;¢,, > 0; 18 different lottery pairs.

— p < p.andx, < x,, with x;¢,, < 0;18 different lottery pairs.

We will name thereafter lottery pairs with potential gains LPG (x;,, > o), and lottery

pairs with potential losses LPL (x;c,, < 0).

IMPLEMENTATION OF LOTTERIES, GAINS AND LOSSES. During experimental sessions,
the monkeys have restricted access to water five days per week. This motivates them to
perform the task. Hence, the potential gain from each lottery was water in place of the

monetary gains customarily used in human experiments.

Each trial, the monkey had to choose between two lotteries. A single lottery is represented

1‘ 8o

by a pie chart (see Fig. 4.2), as proposed by Stauffer et al.*°. Each pie chart is composed of
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two slices. Starting from a reference point at the top of the circle, the first pie segment is
shifted by an random angle between o and 359°. Each slice encodes one possible outcome of
the lottery (x; or 0). The arc length of each slice represents the probability of this outcome
(p or [1 — p|). The pattern of each slice represents the number of tokens earned or lost. The
orientation of the parallel lines constituting the pattern indicates a quantity (see Fig. 4.2).
Hence, horizontal lines represent o. A rotation of these horizontal lines clockwise by one,
two, three quarters of 45° respectively represent a loss of -1, -2, -3 tokens. A rotation of these
horizontal lines counter-clockwise by one, two, three quarters of 45° represent a gain of 1, 2,

3 tokens.

In each trial the monkey could gain between -3 and +3 tokens. At the end of the trial the
monkey would be rewarded with water proportional to the tokens gained. Because it is not
possible to give negative water, the monkey started each trial with 3 tokens, visible on the
screen. The monkey would therefore have between o and 6 tokens at the end of the trial.
For each token the water tank valve would be opened for 1soms. This duration of opening
gave approximately 100 uL of water. So, at the end of each trial the monkey would receive

between o and 600 uL of water.

EXPERIMENTAL PARADIGM. The monkey sat in a primate chair positioned 20 cm from
a touch screen. The experimental session was composed of a series of trials. Each trial
consisted of several steps (see Fig. 4.9). At the beginning of the trial, a gauge with 3 tokens
was displayed. The monkey had to grasp a grip for a short duration that varied randomly in
a range from trial to trial (150 ~ 300 ms) to ensure that the monkey could not anticipate the

stimuli display.
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Figure 4.9 - Experimental paradigm. A. The monkey has to grasp a grip (50 ~ 300 ms). B. Stimuli appear. In this example,
on the left side: 3 tokens with probability 0.25 (0 otherwise); on the right side: 1 token with probability o.5 (o otherwise).
C. Once the choice is made, only the lottery chosen remains. D. After returning the hand to the grip, displaying of the out-
come and addition (removing) of the tokens from the gauge. E. End of the trial: gauge draining and admission of the reward.
F. Inter-trial.
If the monkey did not hold the grip long enough, the trial was considered as failed and

an error was raised. Error trials were concluded with the display of a black screen, and the

monkey had to wait 2000ms for the beginning of the next trial.

After the monkey had held the grip for the required amount of time (150 ~ 300 ms),
stimuli appeared. The stimuli presented were two circles representing two lotteries. The
monkey had 2000 ms to decide which lottery to choose. If the monkey did not choose

within the allotted decision time, an error was signaled.

After making a choice by touching one of the two circles the other circle disappeared. The
monkey then had soooms to return its hand to the grip (otherwise, an error was raised).
Once the monkey had returned its hand to the grip the outcome was determined based on
the probabilities shown in the two slices of the chosen circle. The amount of reward (loss)

was indicated to the animal by the disappearance of the non-selected slice. The gauge filled
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(emptied) by the amount earned (forfeited), one token at the time. The time of the filling
animation was kept constant at 1sooms. At the end of the trial, the gauge emptied itself and
the monkey received one drop of water (100 uL) for each token in the gauge. The time of

the emptying animation was kept constant at 1500ms.

The inter-trial interval varied randomly between 150 and 300ms.

MODELING

4936 we con-

LOTTERIES, OUTCOMES AND PROBABILITIES. Based on prospect theory
structed a simple decision-making model designed to evaluate the attitudes to risk of the two
monkeys. In our task, a lottery L has two possible outcomes x a non zero integer in the in-

terval [—3, 3] with probability p and o with probability [1 — p]. The formula given below

supposed the use of a normalized value of x such as x € [o, 1].

UTILITY FUNCTIONS.  We define a function U that represents the utility — or the subjec-

tive expected value — of a lottery L:

U(L) = w(p:) - n(x;)

with w being the probability distortion function and # the utility function of an amount
x; € lo,1). wis defined over the interval |o,1] and is continuous, with w(o) = o and
w(1) = 1. uis defined over the interval [—1,1] and is continuous, with #(o) = o and

Va,: —1 < u(x) <1
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Let us define a utility function # such as:

U= if x > o,
u(x) = § —|u|t*  ifx <o,
o otherwise.

withwg € [—1,1], the parameter of risk aversion for gains, and w; € .[—1, 1], the parameter of
risk aversion for losses. Thus, if 7is positive, #/(x) is positive for Vx > o, meaning an aversion
towards risk for gains — this method of modeling attitude towards risk is very common*’. In
the case where x is negative and 5 is positive, # (x) is positive Vx < o, meaning an aversion

towards risk in losses.

PROBABILITY DISTORTION FUNCTION. We assume that probabilities are perceived in a
distorted manner. Following Prelec”, we defined a probability distortion function, w, in the

following manner:

w(p) = exp(=[=1In(p)]*)

witha = agifx > oand a = a; ifx < o. Both a-values are drawn from interval (o, 1
