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Abstract

The applications of Artificial Intelligence (AI) are becoming increasingly prominent
in the society. Therefore, it is valuable to develop a broader understanding of human
decision-making in Al-augmented scenarios. For instance, independent Al agents and
other advanced Al applications, such as digital assistants are becoming ubiquitous.
A deep understanding of human-Al interactions is important in order to ensure that
the development of Al-driven society takes into account the possible challenges that
might arise from this new field of interaction.

This bachelor’s thesis is a literature review exploring how humans cooperate
and how these cooperative traits transition to human-Al strategic interactions. The
concepts are studied using the methods of behavioral economics and game theory
that have shown good results in predicting human decision-making in strategic
interactions. The goal of the thesis is to inspect how human behavior changes in
Al-augmented scenarios.

Real-life strategic interactions can be represented with game theoretic scenarios
called economic games. A common variation of these games are social dilemmas
that enable researchers to study various motivations behind economic decision-
making. In empirical studies on economic games, mathematical models that take
into account people’s preferences for fairness and cooperation tend to outperform
predictions focused solely on self-interested motivations. Typically these models
compare decisions by assigning utilities for different actions based on individual’s
social preferences and material rewards in the scenario. Examining these models is
useful, because they provide insight into humans’ internal decision-making processes.

The thesis concludes that in Al-augmented strategic interactions, the current
social preference models are unable to predict cooperation accurately. Instead, people
seem to exploit benevolent Al agents. However, social preferences tend to persist
when individuals are informed that there is another human beneficiary who receives
the payoffs gained by the AI. This also seems to translate to settings where humans
are interacting with other Al-augmented people. Even with no human beneficiary,
cooperation can be elicited by introducing cultural or emotional expressions for
the AT agents. Based on the reviewed literature, the thesis presents a framework
to evaluate human decision-making in strategic interactions, which also considers
scenarios involving non-human agents.

Keywords artificial intelligence, behavioral economics, game theory, strategic
interaction
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Tiivistelma

Tekoalyn sovellutukset ovat integroitumassa yhé laajemmin osaksi yhteiskuntaa. Té-
man seurauksena osoittautuu tarkedksi ymmaértad ihmisten kayttaytymista tekodlyn
kanssa vuorovaikutettaessa. Esimerkiksi itseajavat autot ja edistyneet generatiivisen
tekodlyn sovellukset, kuten keskustelubotit valtaavat yleista kuvaa tulevaisuudesta.
Syvélliselld ymmarryksella ihmisen ja tekodlyn vuorovaikutuksesta voidaan parantaa
yhteiskunnan turvallisuutta ja soveltaa tekoalyn kehitystd ihmisystavallisemman
tulevaisuuden takaamiseksi.

Téama kandidaatintyo kasittelee kirjallisuuskatsauksen kautta ihmisten vélisen
yhteistyon juurisyita strategisessa vuorovaikutuksessa seka tekodlyelementtien tuo-
maa muutosta yhteistyon esiintymiseen. Tyossa tutkitaan erityisesti behavioristisen
peliteorian menetelmia, silla aiempi tutkimus kayttaytymistaloustieteen alalla on
osoittanut niiden olevan erinomainen tapa luoda ennusteita ihmisten paétoksenteolle
monimutkaisissakin tilanteissa. Tyon tavoite on tarkastella, miten asenteet tekoalytoi-
mijoita tai muita tekoalytyokaluja kayttavia ihmisia kohtaan vaikuttavat yhteistyon
esiintymiseen strategisissa vuorovaikutustilanteissa.

Ihmisten vélisen yhteistyon mallintamiseen on kehitetty peliteoreettisia skenaa-
rioita, jotka mallintavat yksinkertaistetusti toimijoiden vélisid tosielaman strategisia
vuorovaikutustilanteita. Tyypillisid asetelmia ovat ns. sosiaaliset dilemmat, joiden
avulla voidaan tutkia erilaisia valintojen taustalla vaikuttavia motiiveja. Vaihtele-
vat tilanteet tarjoavat tietoa ihmisten siséisistd motiiveista eri tavoin. Esimerkiksi
niin kutsutussa metséstyspelissd (engl. Stag hunt) osapuolten paatoksentekoon vai-
kuttavat kateus tai epaluottamus pelaajien vélilld. Sen sijaan luottamuspeleissa
(engl. Trust games) jalkimmaéisen pelaajan paatos yhteistyon tekemisesta kertoo hé-
nen motiiveistaan yhteisen hyvén ja itsekkyyden painottamisen valilla. Empiirisisséa
tutkimuksissa matemaattiset mallit, jotka ottavat huomioon yksiléiden sosiaaliset
mieltymykset esimerkiksi epatasa-arvon vélttamisen suhteen ovat osoittautuneet
ennustekyvyltadn tehokkaammiksi kuin puhtaasti aineellisia palkintoja huomioivat
ennusteet. Mallien tarkastelu on hyodyllista, silla ne tarjoavat tietoa ihmisen sisdisisté
paatoksentekoprosesseista.

Tyossa todetaan, ettd sosiaalisten mieltymysten mallit eivat nykyisellaédn kykene
ennustamaan yhteistyon esiintymisté tekoalyatoimijoiden kanssa vuorovaikutettaessa.
Sen sijaan ihmisten havaitaan usein hyvéksikayttavan yhteistyokykyisia tekoalytoi-
mijoita. Toisaalta yhteistyohalukkuus vaikuttaa kuitenkin riippuvan myos tekoalyn
implementointiin liittyvista seikoista. Perinteisten yhteistyohon vaikuttavien ele-



menttien lisaksi tekodlyn kanssa vuorovaikutettaessa esimerkiksi ihmisedunsaajan
implikointi tai tunneilmaisuja valittavan avatarin kaytto tekodlytoimijan yhteydessa
todetaan lisddvan sosiaalisia mieltymyksid. Alan tutkimustietoon perustuen tyos-
sé esitellaan viitekehys, jonka avulla yhteistyon esiintymisté voidaan arvioida niin
ihmisten kuin tekodlytoimijoidenkin kanssa vuorovaikutettaessa.

Avainsanat tekoaly, kiayttaytymistaloustiede, peliteoria, strateginen vuorovaikutus
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1 Introduction

As the role of artificial intelligence (AI) systems is becoming more important in the
society, new questions arise about the impact of Al presence on human behavior.
For instance in traffic, human attitudes toward self-driving cars may differ from
conventional interactions with other human-drivers. In recent years, artificial in-
telligence and its applications have become a popular concept of debate. In spite
of this, Al has been an important part of the society for quite some time. In one
of the earliest publications related to AI, McCulloch and Pitts (1943) proposed a
computer model that can learn in a similar fashion as human neurons. Since then,
the development of Al has seen cycles of high expectations and eventual setbacks
(Muthukrishnan et al., 2020). In 2010s and 2020s the progress has been unprece-
dented (Aschenbrenner, 2024). Al is being integrated to many parts of people’s
everyday lives: digital assistants, self-parking and self-driving cars, predictive entries
in search engines, chatbots and more subtly, algorithms to target advertisements or
recommend the most attractive content for the user in social media (Stone et al.,
2016). Al-augmentation offers help with analytical tasks: large language models
seem to be able to evaluate human emotional states and aid mental health assessment

by combining data from multiple sources Hu et al. (2024).

The development of Al systems brings new problems as well. For example, Al models
might inherit bias present in their training data, thus continuing to reinforce the bias
as people interact with the Al (Hacker, 2018). There has been critique towards Al
developers for not taking societal concepts such as social bias into account, however
this has recently been changing. Social scientists are now starting to be considered

an important source of expertise by Al researchers (Kusner and Loftus, 2020).

In a world where Al systems are becoming more prominent, it is important to examine
how people behave in situations involving Al agents or augmentation compared to
regular interactions with other human beings. Past research in economic games
suggests that people often cooperate with others even when acting in self-interest
would not damage their reputation (Johnson and Mislin, 2011). However, in the case
of Al agents, people tend to exploit benevolent Al for selfish gains (Karpus et al.,
2021). What this would potentially mean to how humans cooperate with self-driving

cars in traffic for example is an important question.



Game theory used to be a branch of mathematics studying how rational players
can achieve the highest material gain interacting with other players. In recent
decades the field has evolved to become applicable also to mundane, often irrational
human encounters. Behavioral game theory provides accurate means for researching
strategic interaction and predicting how humans make decisions (Camerer, 1997).
For instance, behavioral game theory may be utilized to find the optimal strategy
to gain influence in a variety of social settings (Kurvers et al., 2021). This suggests
that when applied correctly, game theory can describe even more complex scenarios
that social interactions represent. Therefore, behavioral game theory is a useful tool

for deeper understanding of human-AT interaction.

The purpose of this thesis is to study how humans cooperate and how the cooperative
traits transition to human-Al strategic interactions. The thesis is organised as
follows. Section 2 explains the relevant background for the thesis about behavioral
economics and human-AT interaction. Section 3 presents the game theoretic concepts
for human cooperation rooted in evolution and how these traits manifest today as
social preferences. Section 4 reviews literature on human-Al strategic interactions
and presents a framework for how humans form cooperative decisions. Finally, section
5 concludes the thesis. One may find the thesis useful when studying explanations
for varying behavioral or emotional reactions in human and human-Al interaction

scenarios.

2 Background

This section covers important concepts and definitions for the thesis. The section

also presents related work on the topics.

2.1 Behavioral economics

Mullainathan and Thaler (2000) define behavioral economics as “the combination of
psychology and economics that investigates what happens in markets in which some
of the agents display human limitations and complications.” Humans tend to attribute
subjective value for economic decisions beyond pure rational interest. For instance,

people give more subjective value for losing than gaining an equal amount of assets



(Kahneman and Tversky, 1979) and dislike inequally distributed resources within
their social groups (Fehr and Schmidt, 1999). Essentially, in contrast to limiting
the study of economics to rational agents, the role of behavioral economics is to

introduce irrational human tendencies to the equation of economic decision-making.

Behavioral economics and its game theoretic applications are not solely interested in
scenarios involving money or trading of assets. In economic literature, the concept of
value is often based on personal evaluation where for example functional and social
aspects are also considered (Boksberger and Melsen, 2011). Therefore any situation
where an individual is acquiring subjective value while interacting with other agents,
i. e. strategic interactions, are of interest. Such acquisition of value might as well be

higher genetic fitness or reduced waiting time in traffic.

Game theory is a field of applied math used to study how interacting decision-makers
with varying motives behave in strategic settings (Osborne, 1994). In traditional game
theory, the agents are often assumed to be self-interested and to possess information
of other decision-maker’s actions and motives. Moreover, Nash equilibrium is a
central concept of game theory which is defined as a state where no agent can get
more preferable outcome by changing their action (Osborne, 1994, p.14). Extending
the field to be more accurate for real-life interactions, the role of behavioral game
theory is to provide mathematical explanations to how people act in scenarios where

the empirical evidence contradicts self-interest model’s predictions (Camerer, 1997).

Suppose a game of ultimatum, a game where one player proposes a share of a reward
between themselves and another player. The second player can then choose if they
accept the division or reject it resulting in both players getting zero reward. For
ultimatum game, the traditional game theory predicts that a self-interested responder
will be indifferent to accept or reject the offer if the first player proposes to keep all
of the reward for themselves (Nowak et al., 2000). If the first player decides to give
even an arbitrarily small amount of the reward to the second player, the division
will be accepted. The second player is expected to be happy because instead of
getting nothing, they receive a non-zero amount. Empirical evidence shows that the
prediction of self-interest model does not hold and people playing as the second player
tend to reject offers they perceive as unfair (Nowak et al., 2000). Thus, behavioral
game theory brings an important aspect of varying motivations into the equation of

strategic interactions.
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2.2 Human-Al interaction

Artificial intelligence refers to algorithm-based computer applications designed to
approximate intelligence and make predictions based on its training data (Alkatheiri,
2022). Al can generally be divided into two categories: machine-learning and
generative Al. Especially the development of generative Al has been rapid in the
past. Between 2019 and 2023 the content produced by large language models
advanced from the level of a child to a smart high-school student and the predictions
to reach an expert level vary from 4-10 years (Aschenbrenner, 2024). The definition
for Al-augmentation varies among disciplines but it is often referred to as humans
using Al tools to enhance their performance (Sadiku and Musa, 2021). In this thesis,
Al-augmented strategic interaction refers to a situation of economic interests which

in addition to humans, involves Al agents or other Al-augmented humans.

It is apparent that several tasks can be made more efficient using Al enhancement.
For instance, professionals with GPT-3.5 assistance were shown to be more productive
and have improved quality in work-related tasks (Noy and Zhang, 2023). However,
as people are not traditionally used to interact with non-human entities, the Al
presence may also result in unexpected problems. Means to study the possible
challenges caused by the generalization of Al systems exist. Social dilemma games
with manipulated action space offer information about underlying motivations in
strategic interactions and can be used to study how people interact with Al systems
(Karpus et al., 2021; von Schenk et al., 2023; de Melo and Terada, 2019).

How the cooperative tendencies of humans are altered when they are interacting
with another Al-augmented person or Al agents is unsettled scientifically. Research
suggests that when playing sequential social dilemma games, expert algorithms can
even exceed cooperation rates with humans compared to humans playing with other
humans (Crandall et al., 2018). However, when people are aware of the non-human
nature of the agent that they are interacting with, cooperation tends to decrease
(Ishowo-Oloko et al., 2019). Human attitudes towards Al agents are also connected
to how opaque or emotionless the Al system is perceived to be (De Freitas et al.,
2023). Thus, experiments that increase relatedness towards machines have shown
positive results in making people more cooperative with non-human agents (de Melo
and Terada, 2019). Each individual’s cultural background may also play a role as for
instance eastern cultures tend to perceive Al systems more often as having a spirit
or a soul (De Freitas et al., 2023).
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3 (Game theoretic approach to cooperation

The phenomenon of cooperation has long puzzled researchers. In an environment
where exploiting one’s partner yields higher benefit, an question raises of how evolution
has sustained the cooperative traits that are still natural for most people. This
section covers the most important social dilemma games from economic literature
that reveal varying motivations behind the agents’ actions. Theories associated with
the rise of cooperation in evolution are also presented. These cooperative traits
manifest today as social preferences even in strategic interactions where cooperation

cannot be explained by self-interest.

3.1 Cooperative dilemmas

The problem of cooperation can be examined with economic games that model
scenarios of cooperative behavior between individuals. The following 2x2 matrix
visualizing the payoffs for a two player scenario depending on decisions A and B has

been a workhorse of microeconomics studies for decades.
C D
C|R S
D|T P

Table 1: Payoff matrix indicating the row player’s payoffs where R = reward for mutual
cooperation, T = temptation to defect, S = sucker’s payoff and P = punishment for
mutual defection

When the following conditions hold (Nowak et al., 2012), it makes sense to label the
choices as C = cooperation, D = defection: (1.) both players cooperate, they obtain
a larger payoff than by mutually defecting R > P but (2.) there is still incentive for
defection. This incentive may emerge in three different ways. If T > R, the player
receives a higher payoff by defecting compared to cooperating when playing against a
cooperator. If P > S, then it is preferable to defect against a defector and if T' > S,

it is better to be the defector in a scenario featuring a defector and a cooperator.

The advantage of social dilemma games is that they provide a framework to abstractly

evaluate economic decision-making and motivations behind different economic actions.
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The cooperative and defective decisions in the following games may be motivated
differently depending on the game’s payoff structure. Therefore studying each game

provides different information about human motivations in strategic interactions.

3.1.1 Prisoner’s dilemma

When each of the social dilemma conditions are true and 7" > R > P > S, the game

is called a prisoner’s dilemma.

e D
C 70,70 0,100
D | 100,0 30,30

Table 2: An example payoff matrix for prisoner’s dilemma

As table 2 illustrates, in prisoner’s dilemma 7" > R and P > S resulting in the fact
that it is always better for both of the participants to defect regardless of what the
other player does. Therefore many of the theories explaining cooperation argue that
only for prisoner’s dilemmas that are played sequentially, it is in the self-interests of
the participants to cooperate. By exploiting cooperation, they induce the opposing
player to defect in the following rounds. Thus cooperating and building mutual trust

will be preferred even for agents that are not intrinsically altruistic.

3.1.2 Chicken game

e D
C'[ 70,70 20,100
D |100,20 0,0

Table 3: Example of a possible payoff structure in the chicken game

Another 2x2 matrix game is the chicken game. This game is identical to Prisoner’s
dilemma with the exception that S > P. For Chicken game, the cooperation rates
between humans are usually higher than in prisoner’s dilemma because in this case
the payoff for mutual defection is the lowest. Just as prisoner’s dilemma, chicken

game reveals player’s greedy preferences as the highest payoff can be achieved by
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defecting against a cooperator. However, the cost of possible lowest payoff resulting

from mutual defection lures players to cooperate more.

3.1.3 Stag hunt

Stag hunt is a social dilemma with different motivational background from the

previously presented games where R > T and P > S.

e D
C 100,100 0,50
D| 50,0 50,50

Table 4: An example of stag hunt payoff structure

Table 4 illustrates that it is in both players’ interest to cooperate in order to get the
highest payoff. The incentive to defect results from suspecting that the opponent
might defect, which would yield a low payoff for the cooperator. Thus, a lack of
trust between the participants may cause a player to defect and get a guaranteed
moderate payoff. Another possible motivation for defection in stag hunt is that the
defecting player has a preference to "win" their opponent, i. e. get a higher payoff in

the event that their opponent cooperates.

3.1.4 Trust games

Another branch of economic games typically assessed to study human cooperation
are called trust games or gift-exchange games. Compared to 2x2 matrix games, trust
game are asymmetric. This means that the moves are made sequentially and at least
one player makes their choice after having full information whether the first player
was cooperative or not. If the first player cooperates, they trust the other player to

be cooperative in return.

A possible scenario of trust game is presented in figure 1. Player 1 decides whether to
"trust" the second player and give up their guaranteed medium payoff and cooperate.
Player 2 may then choose to cooperate and choose an option where both players
get a higher reward. They also have a possibility to choose the temptative larger

personal reward and exploit the first player’s trust.



(30, 30)

(0, 100)

Player 1

@

C Player 2

(70, 70)

Figure 1: An example of trust game with binary decision space
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The traditional game theoretic self-interest model predicts that second players will

always choose the exploitative option. Therefore game theory also states that the first

player should never cooperate. Experimental evidence with human players suggests

that the traditional game theory model is not sufficient to predict how people behave

in this scenario. In experiments between humans, many player 2 participants tend

to cooperate and give up their larger payoff to reciprocate the trust from player 1

(Karpus et al., 2021).

3.1.5 Overview of the games

Game Symmetric Motivations
Prisoner’s Yos Fear of exploitation. Temptation to
Dilemma maximize personal gain.
. Fear of mutual defection.
Chicken . o
Yes Temptation to maximize personal
Game _
gain
Trust/distrust in opponent’s
Stag Hunt Yes cooperation. Willingness to
outperform opponent.
Trust Game No Trust/distrust that the second
1st player player will reciprocate cooperation.
Trust Games No Self-interest to maximize gain. Guilt
2nd player of exploiting 1st player’s trust.

Table 5: Comparison of economic games
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Table 5 illustrates the decision spaces of each game and the underlying motivations
behind the actions. As shown, each game models different motivations and can
be used to gather varying information about the decision-making processes of the
players. By combining data from multiple social dilemma games, these scenarios can

be used to construct a deeper understanding of attitudes and bias between groups.

3.2 Evolutionary game theory

Contradicting the self-interest model, there is strong empirical evidence that humans
tend to be cooperative even in controlled one-shot scenarios where being selfish
would not damage their reputation (Cooper et al., 1996). Evolutionary game theory
provides one explanation for why cooperation might be natural for people: Bravetti
and Padilla (2018) argue that when 2R > T + S, the population’s average fitness
grows in the event that both players cooperate compared to when one party exploits
the other one. In competition for average fitness among populations, the ones with
individuals favoring mutual cooperation outperform populations that on average
incline to defection. (Bravetti and Padilla, 2018)

In a significant study on the evolution of cooperation, Axelrod and Hamilton (1981)
conducted a competition in which famous game theorists were asked to submit
strategies to a tournament of prisoner’s dilemma. Every strategy would then play
200 rounds of prisoner’s dilemma sequentially against each other and the one that got
the highest cumulative score from all games would be the winner. As an input, each
strategy had the history of what the opponent had played in the previous rounds of
their match. Some of the strategies included cooperating until the opponent defects
and after that only defecting (Friedman, table 6 label FR), defecting or cooperating
randomly with 50% chance each (Random, table 6 label RAN) or cooperating on the
first 11 rounds and then randomly cooperate with a probability of 10% less than how
much the opponent cooperated on the first 10 rounds (Tullock, table 6 label TU).

The winner of the tournament was a strategy called tit-for-tat, which always coop-
erated on the first round and then simply copied what the opponent had done on
the previous round. As table 6 shows, interestingly tit-for-tat never got more points
than their opponent in a particular match. In spite of this, it yielded the highest
cumulative points across all matches by cooperating with the strategies that relied

on cooperation but also not being exploited by the strategies that relied on defection.



Prog. | Mean | Rank Point | No. of Wins | Rank Wins
TFT | 504 1 0 15
T&C | 500 2 11 2
NY 486 3 1 13.5
GR 482 4 4 6
SH 481 ) 3 11.5
S&R | 478 6 10 3.5
FR 473 7 6 8
DA 472 8 4 9.5
GR 401 9 bt 9.5
DO 391 10 6 6
FE 328 11 12 3.5
JO 304 12 10 1
TU 301 13 6 6
NA 282 14 2 11.5
RAN | 276 15 1 13.5

16

Table 6: Results from the tournament (Axelrod and Hamilton, 1981)

Recall that for maximizing payoffs in one-shot prisoner’s dilemma, the game-theoretic
optimal strategy is to always defect. The findings suggest that since the evolutionary
environment is better represented by an iterated prisoner’s dilemma between com-
peting strategies, the advantage of cooperative or "nice" strategies has prevailed in

the ecosystem.

3.3 Social preference models

The findings in evolutionary game theory (Axelrod and Hamilton, 1981; Bravetti
and Padilla, 2018) suggest that cooperative equilibrium strategies emerge from
repeated interactions between individuals in favorable conditions over time. The
theory claims that this has resulted in genetic mutations making people intrinsically
more cooperative. This intrinsic trait to cooperate helps in explaining the empirical
evidence (Cooper et al., 1996) of people’s tendency to cooperate even in one-shot

interactions where cooperation is not rational.

The essence of social preferences is that they model intrinsic motivations, i. e.
explain the human decision-making process and give insight into deeper underlying
motivations behind the actions observed. For example, the inequality aversion model

(Fehr and Schmidt, 1999) portrays people as having an innate dislike of inequally
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distributed resources within their social groups. This can help in explaining societal
phenomena such as how people tend to live in neighborhoods where the average
income level is closer to their own. The following sections present some relevant

social preference models and illustrate their mathematical formulation.

3.3.1 Inequality aversion

The inequality aversion model (Fehr and Schmidt, 1999) expects that people have
an innate dislike of possessing or gaining a different amount of resources compared
to the average in their reference group. For a group of size n > 1, the model can be

represented mathematically as follows:
1 1
Ui(z) =z — s—— > _maz(z; — 1;,0) — fi—— > _ maz(z; — x;,0)
n—1 oy n—1
1#£] i#£]
Where ; < «; and 5; € [0, 1]

- U;(z) represents the utility function for player i.

x; represents the payoff for player i.

x; represents the payoff for the other player.

- «; represents the aversion parameter for player i, indicating their sensitivity to

inequality when the other player receives a higher payoff.

- [; represents the aversion parameter for player i, indicating their sensitivity to

inequality when they receive a higher payoff than the other player.

The essence of inequality aversion model is that there is aversion to both being at
disadvantage and being at advantage in social exchanges. The base value of the
utility function is still an individual’s personal gain x; and thus the model does not
necessarily predict the highest utility to be the one without any inequality between
group members but merely offsets some of the material gain with psychological
aversion factors. The condition §; < «; states that in the model an individual is
predicted to always be at least as much averse towards being at disadvantage as

being at advantage and 0 < [3; < 1 assumes that a person’s aversion towards being
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at advantage cannot be negative. If the parameter § was negative, that would mean
that an individual would prefer being at advantage over equally distributed resources.
Fehr and Schmidt (1999) acknowledge that there might be people with such aversion

parameters but the condition is assumed for practical reasons.

3.3.2 Other preference models

In addition to inequality aversion, the field of behavioral economics has yielded
several other social preference models that have shown reliable results in predicting

outcomes of empiric economic games.

Homo moralis (Alger and Weibull, 2013) describes an individual that has a following
utility function:

wi(z,y) = (1 — k) - m(x,y) + Kk - 7(x, )

Where k; € [0,1]. The term "moralis" is based on the varying degrees of utility
balancing between the individual’s personal gain and the decision’s benefit to the
population as a whole. In the model 7(z,y) is the payoff that an individual gains by
performing action z in the scenario. The altruistic factor 7(z, x) is the average payoff
in the population if each agent in the population made the same choice as player
i. According to the model, the individual makes a weighted choice based on their
degree of k that takes into consideration their balance between selfish and altruistic

tendencies.

Other aspects of interaction may also be considered. Charness and Rabin (2002)
presented mathematical formulations for concerns about social welfare and reciprocity.
The social welfare model depicts individuals as caring about the welfare of others in
their reference group and thus having inequality averse preferences. Reciprocity model
assumes an individual to favor equal outcomes unless the agent they are interacting
with has "misbehaved". This results in reciprocal behavior where the individual is not
as concerned with the degree of equality towards the agent. Comparison shows that
each of these models practically always outperform the self-interest model (Miettinen
et al., 2020).
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4 Human-Al strategic interactions

The purpose of this section is to review data from human-Al interaction studies that
are based on the economic games introduced in section 3. Based on the literature
and data, a framework providing an overview into the aspects of decision-making in

strategic interactions is presented.

4.1 Cooperation with conflicting interests

The generalisation of Al systems has developed new challenges for how humans
interact with machines. Previously, plenty of resources have been put into developing
machine learning agents in order to cooperate with humans on mutual goals (Nikolaidis
et al., 2015) or to outperform humans in zero-sum games such as chess or go (Zhang
and Yu, 2020). In real life, most of cooperation does not occur in scenarios where the
cooperation conditions would be this binary of completely aligned goals or winning
an opponent in a competition. Many everyday interactions have actions taking
place somewhere between zero-sum competition and full collaboration. For instance,
business negotiations or taking care of one’s family are positive-sum games: with
productive cooperation each party in the interaction can gain positive value even
though they still might have incentives to be selfish. Therefore, it is essential to
study conditions where people interact in Al-augmented scenarios also in settings
of conflicted interests. Social dilemmas model abstractly the scenarios of aligned
and conflicting interests and are therefore an efficient platform to study human-Al

interactions.

The factors shaping the cooperative decisions with Al agents are still unclear. Chu
et al. (2023) found that by teaching human fairness models to Al agents, people who
had economic interactions with such agents found the fair types more warm, intelligent,
likable and safe compared to Al that was not trained to model human behavior.
However, experiments in economic games have shown that even when anticipating
cooperation from AI agents, humans tend to not reciprocate the benevolence of
non-human agents (Karpus et al., 2021). An important question becomes how Al
agents can be trained and altered to be cooperative while also avoiding the agents

getting exploited by humans.
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4.2 Social preferences in Al-augmented scenarios

Social preferences have been studied extensively for human-human interactions (Fehr
and Schmidt, 1999; Alger and Weibull, 2013; Miettinen et al., 2020). However, it is
unsettled in scientific literature how social preferences apply when humans interact
in Al-augmented scenarios. Al could be implemented to strategic interactions as
autonomous agents or humans utilizing Al tools. Therefore, humans interacting with
varying forms of Als might induce social preferences differently. The results in social
dilemma games from interactions between humans and autonomous Al agents in
online settings seem to indicate lowered social preferences towards Al (Karpus et al.,
2021).

Prisoner’s dilemma  Chicken game Stag Hunt

Ssooﬁiﬁﬁn e 0.49% 0.69* 0.89
Ssooitlaratlon rate 0.36* 0.56* 0.80
Expected cooperation 0.59 0.67 0.78

Jyshumen |l
Esxpz(ited cooperation 052 0.70 0.79
Cooperation rate vs. human 0.71* 0.73* 0.98%

_ when expected cooperation | | _________|_______.
Cooperation rate vs. AI‘ 0.54% 0.57% 0.91%
when expected cooperation

Table 7: Data for human players from (Karpus et al., 2021). * denotes statistical
significant difference within comparison where p < 0.05.

The data from table 7 provides different explanations for human cooperation with
AT agents. Because the action of defection might be motivated by exploitation when
expecting cooperation and the fear of defection from the opposing player, cooperation
rate alone is not sufficient to study social preferences arising in this scenario. Due
to the payoff structure of prisoner’s dilemma and chicken game, cooperation rate
in those games reveal self-interested tendencies when the participant expects the
opposing player to cooperate. Conversely, defecting in response to expected defection

would indicate aversion towards being at disadvantage.

For stag hunt, defection is not in the interests of selfish players who believe the

other participant to cooperate as the action would yield lower payoff than mutual
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cooperation. On the other hand, stag hunt reveals possible distrust between players
as a player expecting defection would prefer to defect to get a guaranteed medium
payoff. Another possible explanation for defection in stag hunt could be willingness
to outperform one’s opponent when expecting cooperation. However according to
Karpus et al. (2021), in stag hunt the significant difference in behavior when expected
cooperation is explainable by lower confidence levels in expected cooperation against

AT agents.

The data from prisoner’s dilemma and chicken game show that although participants
expected cooperation on closely equal rate from humans and Al agents, the coopera-
tion rate is significantly lower on both games against Al agents. This suggests that
social preferences towards equal outcomes are strictly lower for humans who play
against Al agents since the expected benevolence of Al agents is not reciprocated as

often.

Trust game 1st player Trust game 2nd player

Cooperation rate 0.74 0.75%

vs Human | T
Cooperation rate 0.78 0.34%
vs. Al
Expected cooperation 0.56 0.79

_vs human |
Expected cooperation 0.55 0.83
vs. Al
Cooperation rate vs. human 0.01 0.80%

_when expected cooperation | |
Cooperation rate vs. AI' 0.86 0.35%
when expected cooperation

Table 8: Data for human players from (Karpus et al., 2021). * denotes statistical
significant difference within comparison where p < 0.05.

Due to the sequential nature of trust games, the players receive asymmetric infor-
mation about the other player’s move with respect to their own decision-making.
Player 2 acts in full knowledge of what the first player did and therefore defecting
as the second player may only be seen as an act of exploitation towards the first
player who appeared cooperative. As table 8 illustrates, player 1 participants show
no significant difference between cooperating against Al agents and humans. The
difference between expecting the second player to reciprocate the cooperative choice

was not significant either. When expecting cooperation, most of player 1 participants
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cooperated regardless of the non-human nature of the opposing player. Moreover,
the difference between cooperation rates and expected cooperation from another
player can again be explained by varying levels of confidence in the first player
predictions (Karpus et al., 2021). Therefore a possible reason for the effect is that
some of the players still cooperate despite expecting defection in hopes of being wrong
with their prediction. For the second player participants, the data shows significant
difference between cooperation rates against human and Al agents. This suggests
much lower social preferences for reciprocity and equality towards Al compared to

human opponents.

Conducting a simple reanalyzis for prisoner’s dilemma and chicken game cooperation
rates with the social preference model homo moralis (Alger and Weibull, 2013) yields

the degree of morality an individual should have to cooperate.

wi(z,y) = (1 — k) - m(x,y) + Kk - 7(x, )

Where k; € [0, 1], w(x,y) is the personal payoff for player i for action x, 7(x, x) is the
average payoff in the reference group if everyone performed action x in the scenario.
When applying this model for 2x2 symmetric matrix games with payofts T, R, P, S
the decision to cooperate can be analyzed followingly. For simplicity, the calculations

only consider situations where the opponent is expected to cooperate.
—>(1—Iii)'R+I{i'R> (1—I€Z)T+I{ZP

Solving for x;, homo moralis (Alger and Weibull, 2013) predicts that in table 7
prisoner’s dilemma with payoffs " = 100, R = 70,P = 30, S = 0 (Karpus et al.,
2021), the participants who cooperated would have to possess a morality value of
k > 0.429. For chicken game with payoffs 7= 100, R = 70,P = 0, S = 20 (Karpus
et al., 2021), the morality value would have to be x > 0.3. In table 7, the recorded
cooperation rates are higher in the chicken game than in the prisoner’s dilemma as
indicated by the differences in & threshold. As past research suggests (Miettinen
et al., 2020), analyzing payoff structures with homo moralis seems to have credibility

in predicting cooperation rates for strategic interactions between humans.

Recall that in table 7, cooperation rates when expected cooperation in prisoner’s

dilemma were significantly lower against Al agents than against human opponents.
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However, homo moralis (Alger and Weibull, 2013) does not address the possibility of
interacting with non-human entities in its mathematical formulation. Thus with equal
payoffs, the predicted s threshold should be the same regardless of the opponent’s
identity. The data still shows that participants cooperate less with AI agents. This
suggests that social preference models are unable to predict the change in attitudes
towards non-human agents in strategic interactions. Assuming that the preferences
were identical against both humans and Al agents, the differences in cooperation

rates would be insignificant.

4.3 Human beneficiary behind the machine

In a meta-analysis of online anonymous human-machine economic interactions, von
Schenk et al. (2023) found that approaches on how the machines are introduced to
the participants vary, which might influence the results. Their experimental data
suggests that people have different social preferences towards machines depending

on where the payoffs gained by the machine are believed to end up.

Table 9: Overview of results from von Schenk et al. (2023).

Opponent’s Type 1 Type 2 Type 3
introduction spiteful  aheadness averse/
positively reciprocal
Control group: Fellow human 16.11% 10.74% 73.15%
Programmer behind Machine 27.33% 20.67% 52.00%
Token Player behind Machine 26.67% 15.33% 58.00%
Machine Earns 36.00% 41.33% 22.67%
Nobody Earns 31.33% 55.33% 13.33%
No Information 30.67% 43.33% 26.00%

Based on the recorded behavior on social preferences, par-
ticipants were divided into three groups. The first group
was "mildly altruistic/selfish" who showed little inequality
aversion nor reciprocal preferences. The "spiteful" group
had strong preference of being ahead in payoffs and dis-
liked being at disadvantage. Their degree of reciprocity
was not significant either. The third group was "aheadness-
averse/positively reciprocal”. This group disliked advanta-

geous outcomes in their favor and reciprocated kind acts

towards their co-player. The group could be described as

"altruistic" or "pro-social'.
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The study (von Schenk et al., 2023) showed that when the participants believed no
one would receive the money or had no information about the receiver, they were
more likely choose an exploitative option and showed weak social preferences for
equality. Conversely, when participants were told that the money received by the
machine agent is transferred to the programmer or another random participant, the
results showed heightened cooperative preferences. Furthermore, both positive and
negative reciprocity were reduced towards machines operating without an implied
human partner. In post-analysis questionnaire, a major part of the no-information
group believed that no one received the money gained by the AI. However, these
beliefs tended to form self-favorably to justify the participants’ own exploitative
actions as non-involved participants believed much less in no one receiving the payoffs
(von Schenk et al., 2023).

The findings (von Schenk et al., 2023) demonstrate that in online settings, people
frame their social preferences based on who they think is the actual receiver of
the payoffs in the economic games. If the receiver of the payoffs is non-human,
the cooperation rate is lower. This may also help to explain findings where the
ambiguity of the agent’s non-human identity increases cooperation rates (Ishowo-
Oloko et al., 2019). However, even when participants knew that the payoffs earned
by the machine were given to humans, the altruistic tendencies decreased. Still
introducing human beneficiary behind the machine strengthens social preferences
compared to no information or the non-human agent earning the payoffs. Thus,
future research on how autonomous agents in real life are perceived in terms of
possible human beneficiary behind the machine is necessary to determine social

preferences more effectively.

4.4 Achieving human-level cooperation with AI agents

Combining expert algorithms and reinforcement learning, Al agents have shown
to elicit cooperative behavior when interacting with humans online in sequentially
played social dilemmas (Crandall et al., 2018). The S++ algorithm for instance relies
on being cooperative and forgiving some instances of defection but still punishing
prolonged defection. Moreover, introducing an element of non-binding communication
resulted in elevated cooperation rates when the algorithm interacted with humans

(Crandall et al., 2018). However, a problem with this approach is that interacting
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online people cannot tell whether they are playing with an Al agent or actual human
unless they are being provided the information explicitly. As illustrated in the data
from table 9, this might form a challenge when translating the success of these
cooperative algorithms to real life interactions where the non-human nature of the

machine is unambiguous.

The fact that people cooperate less with explicit machine agents (von Schenk et al.,
2023) creates a problem called transparency-efficiency tradeoff (Ishowo-Oloko et al.,
2019) where informing people accurately about their partners non-human nature
reduces the observed cooperation rates. Furthermore, brain regions associated with
considering other people’s intentions and thoughts show reduced activation in social
dilemmas when humans knowingly are playing against non-human opponents (Rilling
et al., 2002). This illustrates that the subjects tend not to perceive machines as
sentient entities who possess intentions. This might also depend on the subject’s
cultural background as eastern cultures tend more often to attribute machines to
have a spirit or a soul (De Freitas et al., 2023). In the western cultures the belief
that machines are not sentinent or possess a soul is still prevalent. Therefore an
important question becomes how to avoid the decrease of social preferences towards

confirmed non-human agents.

A major factor influencing human attitudes towards Al agents is how emotionless
the machines are perceived to be (De Freitas et al., 2023). Moreover, humans tend
to consider AT agents socially as out-group members (De Freitas et al., 2023). Thus,
research indicates that introducing emotional expressions and cultural characteristics
to machine agents elicits cooperation (de Melo and Terada, 2019). Contrary to
playing against machine agents without implemented human-like features nor human
beneficiaries (Karpus et al., 2021; von Schenk et al., 2023), anthrpomorphizing
machine interactions with avatars that expressed joy for mutual cooperation and
sadness for exploitation resulted in almost equal cooperation rate regardless whether
the participant was told that the opponent was human or machine agent (de Melo
and Terada, 2019).

4.5 Formation of the decision to cooperate

The social preference models (Fehr and Schmidt, 1999; Alger and Weibull, 2013)

frame the human decision of cooperating as a balance between self-interest and
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individual altruistic tendencies. They are thus only able to grasp a marginal aspect
of the process on how the choice of cooperation is formed. For instance, homo
moralis (Alger and Weibull, 2013) describes altruistic factor as average payoff for the
individual’s social group expecting that everyone in the group behaved identically
to them. Decision is then made based on the degree of morality with comparing

utilities according to an individual’s value of k balancing self-interest and altruism.

High payoff, Low payoff
temptation
Continuous Immediate
gains

\ \

Sequentiality :
One-shot —> o —> Self interest

Decision of
e cooperation
Beneficiary )
identity  ~———>  Sodal
Non- e preferences

human

Individual / f \

nequality  _ pro-social

aversion : Opponent's
e tendencies Opponent's emotional
social expressions
rou
Guilt group I |
/ ‘ Competitive
Reciprocity
In-group Pro-social
/ x Out-group
Behaved
favorably .
Misbehaved

Figure 2: A framework of human decision-making in strategic interactions. Green
and red arrows correspond to positive and negative reinforcement towards self-interest
or social preferences

As evident by results from interacting with machine agents, the cooperative decisions
in economic games tend not only to depend on the degree of individual’s pro-social
tendencies but also on context-dependent aspects such as what is the identity of the
opponent (Ishowo-Oloko et al., 2019), who is the actual beneficiary of the interaction
(von Schenk et al., 2023) and how relatable the opponent is perceived to be (de Melo
and Terada, 2019).
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Based on the literature of economic games presented in this thesis, figure 2 introduces
a framework for human decision-making. The structure of the framework originates
from behavioral economic mathematical models (Alger and Weibull, 2013; Fehr
and Schmidt, 1999; Charness and Rabin, 2002) and is elaborated with findings of
evolutionary game theory (Axelrod and Hamilton, 1981), empirical studies on decision-
making in interactions with machine agents (Karpus et al., 2021; Ishowo-Oloko et al.,
2019; de Melo and Terada, 2019; von Schenk et al., 2023) and psychological literature
(De Freitas et al., 2023). The framework combines elements from mathematical
models and addresses that contrary to social preference models, there are several
psychological factors in the interaction that correlate to how likely participants are
to cooperate. As shown by findings from evolutionary game theory (Axelrod and
Hamilton, 1981), self interest factor is not only dependent on the immediate payoffs
in the scenario but also on the sequentiality of the interaction. The decision of
cooperation in this model can be thought of as a comparison between self-interest
and social preference factors. The framework predicts that if the degree of social
preferences proportionally outweights self-interested component, the decision will be

cooperative.

A limitation to this framework’s predictive capability is that the human decision
to cooperate in real life cannot be represented by a calculation where each factor
would be considered simultaneously with equal weight. For instance, even if the
opponent had shown pro-social emotional expressions (de Melo and Terada, 2019)
and behaved favorably (Charness and Rabin, 2002), introducing novel information
that no one would receive the payoffs would still likely lower the cooperation rates
(von Schenk et al., 2023). Therefore one limitation for the framework is that it does
not consider the possible recency effects where new updated information would have
a larger impact in the decision-making. Moreover, another limitation is that the
framework only considers context-dependent components of the interaction. On
individual level there are also other factors such as the mental state that might
affect the decisions. Still, an important advantage is that the framework considers
interactions with non-human entities, which has previously been ignored in models
of human decision-making. The framework could be used to ideate mathematical

formulations to develop more accurate behavioral game theoretic tools.
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5 Conclusion

This thesis aimed to present the current research on human cooperation and human-
AT strategic interactions. With means of behavioral economics and social preference
models, literature on economic games and psychological factors was reviewed to
analyze what makes people cooperate when they are interacting with human and
non-human entities. In addition to reviewing literature, a framework to evaluate
context-dependent aspects of cooperation in human and human-Al interactions was
presented. The decision of cooperation was essentially identified to consist of a balance
between self-interest and social preferences. Additionally to theories traditionally
associated with affecting economic decision-making between humans, concepts such
as beneficiary identity or opponent’s perceived relatability were recognized to affect

the cooperation in Al-augmented scenarios.

From a societal point of view, it is important to notice that manipulating human
cooperation in strategic interactions may be motivated by economic or political benefit
for malevolent actors. For instance, as intelligent Al agents start navigating online
platforms, their enhanced capability to elicit cooperation could be abused for malign
purposes. Therefore, it is important to be prepared to tackle this issue with means of
legislation and educating the public on Al agents’ possible manipulative capabilities.
Nevertheless, creating and maintaining cooperative relationships between benevolent
actors is crucial for a functional society in order to guarantee a safe and productive
environment for its inhabitants. This cooperation has to be sustained even when the

interactions involve Al agents or Al-augmented people.

In addition to the limitations of the framework introduced in section 4, there are
some general limitations for the thesis. Firstly, the studies covered that assess human
cooperation through economic games are conducted in controlled conditions. Thus,
they might not fully capture the complex nature of real-life strategic interactions.
Secondly, the element of novelty that is often present when interacting with Al
systems in study settings might influence the results. As the AI development
progresses further and humans learn more about Al systems, the human behavior
and cooperative tendencies may change differently in strategic interactions. Lastly,

new papers are published continuously and some relevant studies may not be covered.

Based on the findings in the thesis, many directions for future research exist. As the

beneficiary identity was identified to have an important effect on social preferences,
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assessing how different Al agents such as self-driving cars are perceived in real-life
interactions in terms of their human beneficiaries is important. Moreover, the current
social preference models were shown to be unsuitable in predicting cooperation with
non-human agents. Therefore, the field of behavioral game theory would make use
of more accurate mathematical models that also consider strategic interactions in

Al-augmented scenarios.
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