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Abstract. Risk preferences have attracted a large amount of debate in different
disciplines. Here, we propose a possible explanation for the origin of risk sensi-
tivity based on the supposition that they can emerge in complex systems from
genetic and cultural evolution. A multi-agent-based model was developed to test
the plausibility of this hypothesis. In the model, agents survive choosing between
a riskier and a safer decision. The contribution of this paper is threefold. First, it
provides an overview of risk sensitivity emergence in a population of agents.
Second, it appraises the effect of environmental factors on this process, and it
analyzes the influence of adaptation style on that effect. Finally, it highlights non-
monotonic and non-linear relationships between the emerging risk preferences
and the dangerousness of the in-silico environment. The simplicity of the pro-
posed approach suggests that these findings could apply to different application
fields.

Keywords: risk sensitivity, risk preferences, multi-agent-based model, emer-
gence

1 Introduction

Risk aversion and risk-seeking are recognized characteristics of human [28, 15] and
non-human behaviour. Several works show how various kinds of entities respond to
risk. In biology, there are proofs of risk-sensible action in non-human species such as
animals [11], plants [13] and bacteria [5]. Risk preferences also appear at a super-hu-
man level, such as in organizations [2]. Whatever is the level of analysis, the risk sen-
sitivity of living entities seems to be shaped by the same common fundamental princi-
ples. All the considered disciplines assume that the chance of taking a risky decision is
affected by the variability of the possible outcomes of the choice [15]. Individuals that
favour choice with low uncertainty are considered risk aversed. When the stakes are
adequately high, individuals prefer the safer option. The similarity of these features
suggests that it could exist a regularity regarding how living entities develop risk-sen-
sible behaviour.

Several works investigate this instance. In-silico experiments show risk aversion
can emerge when individuals interact in a risky environment under evolutive pressure



[26, 8, 30, 17, 15, 9]. Pieces of evidence from cognitive neuroscience support the hy-
pothesis of the evolutionary origin of risk aversion. Nevertheless, some suggest em-
bracing a wider perspective, including the role of cultural processes [25, 3]. Various
disciplines deal with entities and populations that adapt risk preferences by learning
[18]. Also, proofs of concept show that risk preferences can emergence through rein-
forcement learning [21]. The adaptation style, which is the way a population of entities
adjust to different conditions, is especially relevant in systems composed of entities that
both learn and are selected by their fitness to the environment. These systems include
ecosystems as well as financial markets. There is also a lack of studies toward the effect
of environmental variables on the emergence of risk preferences. Szpiro highlights a
non-monotonic relationship between the harshness of the environment and the risk
aversion of the population [26]. Hintze et al. indicate that risk aversion emerges from
an evolutionary process in the equivalent mean payoff gamble only when a risk is a rare
event with a large impact on the individual’s fitness [15]. A multidisciplinary review
of the principal risk preferences theories finds an agreement around the existence of an
effect of environmental factors on the emergence of risk-sensitive decision making in
human and non-human animals [20].

This work aims to confirm that risk sensitivity can emerge in a population from
spatially explicit first principles individuals’ interactions, described in the following
section. Nevertheless, its principal purpose is to assess the effect of environmental fac-
tors on this emergent phenomenon, and how the adaptation style affects this relation-
ship. A multi-agent-based modeling simulation (MABS) technique was applied to ad-
dress the issues. MABS is a technique for modelling and simulating dynamical systems
as an assortment of autonomous decision-making entities [6]. It permits to include a
difference between actual risk and individuals’ risk identification [19]. While MABS
is not the solely available methodology [22], evidence suggests it fits this specific prob-
lem. Risk sensitivity appears in a set of biological and socio-economical systems con-
sidered complex [17], which means collections of heterogeneous agents interacting, co-
adapting and co-evolving [24]. MABS is well suited for dealing with these entities [12,
27]. MABS is also a suitable tool to investigate emergent phenomena [4]. Our goal here
is to observe a specific kind of emergence at a population level, which is (at least)
partially dependent on the underlying process of interaction of single individuals. This
work presents a simple agent-based model in which a single breed of agents lives into
a two-dimensional artificial world. Agents have two receptors and can choose between
two options: supply energy from a passive energy source or attempt to steal energy
from another agent. The first is safe, while the second implies the possibility to fail. In
this paper, we regard risk sensitivity as the difference between risk proneness and risk
aversion of agents. We called it a “first principles” model because it relies on these two
simple rules without any other assumptions. It follows an analogue works on the evo-
lution of cooperation [10].

The model simulations show that risk aversion and risk-seeking behaviours emerge
from the interaction of agents. A relationship between environmental factors and the
emergence of risk sensitivity is found. This relationship seems to be affected by the



adaptation style. Moreover, it seems to exist a non-monotonic relationship between en-
vironmental dangerousness and the emergence of risk sensitivity. The simplicity of this
MABS hints that these results could apply to various application fields. It is coherent
with the claims for generalization of previous works [26, 15, 9].

The rest of the paper proceeds as follows. In Section 2, we overview the first-prin-
ciples agent-based model. Section 3 reviews the experimental setup. Section 4 presents
the simulation results from the model. In Section 5, the results are discussed. Lastly,
we display in Section 6 our conclusions and further work.

2 Model

We introduce here the model underlying the simulation results, displayed in the fol-
lowing section. The landscape is a two-dimensional toroidal surface divided into
squared cells. Each entity is located on a cell. Thus, the model is spatially explicit [12].
Cells either contain an energy source or are empty. Sources have an initial level of
energy, progressively drained by agents. Once an energy spring is completely con-
sumed, it disappears, and another appears in a different cell. Agents consume a given
amount of energy at each time step. When an agent runs out of energy, it dies. There-
fore, agents need to recharge to survive. There are two ways to do it. An agent can point
to an energy source. An agent can move one cell per tick, and only to a von Neumann
neighbourhood. When the agent arrives on the cell of the energy source, it can supply
from it. Otherwise, an agent can direct toward another agent and attack it. Aggressions
have a probability of success. A victorious agent subtracts a share of energy from the
defending agent. Oppositely, a losing one gives a part of its energy to the defending
agent. The purpose of the model is to make agents decide between these two options.
One is risky (to attack), and one is safe (to supply to an energy source). For each pos-
sibility, agents compute a payoff, which formula is the distance from the option i times
the desirability of that opportunity,

PO; = () - trn_w + g; - (1 = lrn_w)] M

where d; is the distance of an agent from the option i, v the maximum distance of
perception, [; the desirability of option i learned by experience, g; the generic desira-
bility of option i, and lrn_w adaptation style of the population, which stands for the
overall preference between a decision making driven by genetic adaptation or by cul-
tural adaptation.

The nearer the target, the higher the payoff. For rn_.w = 0, decision making of
agents is influenced solely by genetic adaptation. For lrn_w = 1, it is determined en-
tirely by experience. For intermediate values, decision making is a mix. The higher «;,
the greater the relative influence of previous events on the decision-making. Agents
select the choice with the highest payoff. When only one option is available (i.e., in



vision ray), agents pick it. When no options are available, agents go straight or change
direction randomly. Figure 1 shows the decision making of agents.

Fig. 1. Decision making of agents in a flowchart
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Risk sensitivity of an agent is the difference between risk proneness and risk aver-
sion, weighted for the adaptation style. Mathematically, we define this as,

Rate?

rs = (lga — lrs) " lrn_w + (gra — grs) - (1 — lrm_w) @)

At the beginning of each simulation each agent has [; equal to 0.5. g; is sampled
from a continuous uniform random distribution, which bounds are 0 and 1. Agents
breed through sexual reproduction, with a given reproduction rate. Every generation
event produces one agent. At each event, an agent picks a partner randomly. The gen-
otype of the offspring is the random combination of the genotype of its parents. An
offspring can inherit a certain amount of memory from its parents. The amount of ex-
perience inherited corresponds to the level of cultural transmission. Genes do not vary
during the lifetime, while the information about the world is updated by learning. When
an agent chooses one of the two options, it assesses its consequence with regards to
energy gain and memorize it. The sum of its experiences constitutes the judgment about
the expected result of a possibility, which is the variable [;. Agents have limited



memory and can remember only up to a certain number of events. When the memory
is full and a new event is appraised, the oldest is forgotten to make space.

3 Experimental design

The model was implemented on NetLogo 6.2.0', a programmable modelling envi-
ronment specifically designed for MABS [29]. The simulations were employed on two
Windows machines equipped with a 3.30GHz Intel(R) Core(TM) i5-4590 CPU and 4.0
GB RAM. We performed a global sensitivity analysis to appraise the environmental
effect on the output. Sensitivity analysis examines how the uncertainty in the output
can be apportioned to distinct model inputs [23]. A sensitivity analysis is global when
this effect is estimated by varying together all parameters, and not only appraising small
perturbations near an input space value. We did not have any preliminary assumptions
about values and causal relationships while developing the model, so an analysis of the
whole set of parameters was necessary. Model parameters were mixed employing uni-
form probability distributions to denote the uncertainty and obtain a comprehensive
outlook of the space state. The parameters analyzed are shown in Table 1, with the
relative sampling distributions. We considered a single simulation output, the mean risk
sensitivity of the population. Results include only simulations in which the population
survived until the end, if not specified differently. The model was simulated 300000
times, and each simulation lasted 4000 ticks. We treated and analyzed the output data
with Python 3.8, in a Jupyter notebook.

' The source available at Github, https://github.com/submission20210301/MABS2021.
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Simulation Results

4

This section is divided into three parts:

1. an overview of how risk preferences arise from the simulation of the model,
2. a prove of a relationship between the risk sensitivity in a population of agents and

the simulated environment, and how it is affected by the adaptation style,
3. an outline of a connection between the dangerousness of the environment and the

emergence of risk sensitivity.



4.1 Emergence of risk sensitivity

Results on the compete parameter space showed that risk sensitivity emerged in the
simulated model. Figure 1 illustrates that both risk-averse and risk-seeking behaviour
arose from the simulation of the model. Also, a certain number of runs remained risk-
neutral. What is more, the mean of the distribution was 0.2349. It means that the ma-
jority of simulated agents became risk aversed through adaptation.
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Fig. 2. Distribution of risk sensitivity on surviving populations

4.2  Effect of simulation parameters on risk sensitivity

In this section, we have a twofold goal. Identifying the relationship between the risk
sensitivity emergence process and environmental factors, and assessing the influence
of adaptation style on this connection. A way to address this issue was to measure the
variation of parameters for simulation in which agents develop different risk prefer-
ences. Mathematically, we define this as,

$ = HUra — HUgs

were Uy, is the normalized mean of a parameter for the simulation in which risk aver-
sion emerged, and g is the normalized mean of a parameter for the simulation in
which the population of agents became risk loving. For each parameter, two scenarios
were analysed. An evolution scenario (ES), which considered only simulations with
Irn.w < 0.1 (i.e., populations which mainly adapt through evolution). A learning sce-
nario (LS), including solely runs with lrn.w > 0.9 (variation technique driven by
learning). As specified in Section 3, lrn.w € (0,1) c R. Table 2 shows that in most
cases differences between the mean values of the parameters were significative. Nota-
ble exceptions were the maximum number of agents when there is not only evolutive
adaptation, the reproduction rate under cultural adaptation, and the energy stored per
tick rate under cultural adaptation. It meant that environmental factors affected signifi-
cantly risk sensitivity emergence direction. Moreover, some parameters had a positive
value in the ES scenario and negative in LS scenario, and vice versa. In Section 5 we
discuss this result.



Table 2. Difference of normalized mean values of each parameter for simulations with risk
averse population and simulation with risk prone population, for different adaptation styles

LS ES
Parameter d P-value d P-value
w_size -0.1309 0.0000 -0.0293 0.0019
v 0.2262 0.0000 -0.0714 0.0000
a_max -0.0045 0.4504 0.0893 0.0000
l_avg 0.0632 0.0000 -0.0380 0.0000
T -0.0056 0.3633 -0.0575 0.0000
e_num -0.1437 0.0000 -0.2286 0.0000
e_lev -0.2116 0.0000 -0.1637 0.0000
e_max 0.0626 0.0000 -0.0789 0.0000
e_in -0.0682 0.0000 0.0065 0.4735
e_cons -0.1384 0.0000 -0.2246 0.0000
mm -0.1206 0.0000 0.0037 0.7043
att_c 0.4753 0.0000 0.0876 0.0000
att_g 0.1864 0.0000 0.0168 0.0669
att_l -0.1125 0.0000 0.0797 0.0000

4.3  Relationship between dangerousness of environment and
emergence of risk sensitivity

To enable viewing the results in a 2D plot, we needed to restrict the analysis to pairs
of variables. The harshness of a parameter configuration can be gathered by the rate of
simulations in which the population do not survive. We obtained a dangerousness index
through an ordinary linear regression, to estimate how parameters in Table 1 affected
this survival rate. Thus, the higher the dangerousness, the lower the chance for the pop-
ulation to survive. The relationship between risk sensitivity and dangerousness was
studied with regards to the adaptation style, as in Figure 3. From left to right, the weight
of experience on the decision-making process of the agents is increasing. It is possible
to observe that the shapes of the curves change with the adaptation style. In the follow-
ing section, these findings are discussed.
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Fig. 3. Risk sensitivity of population plotted on the dangerousness of the system with respect to
different style of adaptation, from evolution (left) to learning (right)



5 Discussion

This paragraph briefly examines the theoretical implication of simulation results,
namely, how they contribute to the debate relating to the emergence of risk preferences
in complex systems. Section 4.1 shows how risk sensitivity emerges in our model, from
both genetic and cultural adaptation. It confirms findings from pre-existent literature
[26, 8, 9]. What is more, it shows how both risk aversion and risk-seeking can emerge
from the adaptation process of a risk-neutral population of simple agents.

5.1  Relationships between the emergence of risk sensitivity and
environmental features

Section 4.2 deepens the relationships between the emergence of risk sensitivity and
environmental features. Adaptation styles can alter these relationships in a non-trivial
way. Environmental parameters can have different effects when agents adjust to the
environment through learning or through genetic evolution. Table 3 offers a summary
of this effect and highlights three cases that are discussed in what follows.

Table 3. parameters clustering for value of d in different scenario

LS <0 LS >0
ES <0 | w_size,rr, e_num, e_lev, e_cons v, l_avg, e_max
ES>0 e_in, mm, att_l a_max, att_c, att_g

ES <0 and LS < 0. Parameters in this group have a negative influence on the re-
sulted risk sensitivity independently from the adaptation style. All the parameters re-
lated to the energy level of the system are in this category. It means that the lower is
the energy level, the higher is the probability for a population to become risk-seeking.
The world size is also in this category. A possible explanation is that it influences the
chance that an agent reaches an energy source.

ES > 0 and LS > 0. Parameters in this cluster always have a positive influence on
risk sensitivity. It means that the lower they are, the higher is the chance that agents
become risk-prone, no matter how they adapt. Parameters in this group are related to
the expected results of a risky decision. A potential interpretation is that the adaptation
process generates risk-seeking agents when the expected result of a risky decision is
higher. Within this set, there is the maximum number of agents in a simulation. Hintze
et al. 2015 suggest that, under evolutionary pressure, the number of interacting agents
strongly influence the emergence of risk aversion [ 14]. Our results confirm that finding.
Furthermore, we propose that they are valid for both genetic and cultural adaptation.

Mixed. In this group, the adaptation technique influences the effect of the parame-
ters on the risk sensitivity. In some cases, it is due to the model design. For example,
the length of the memory is not significant in the ES scenario. It is expected since
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memory is not involved in the evolutionary process. Other parameters, such as the vi-
sion radius and the average life duration of agents, have a non-trivial explanation. The
vision radius has a negative influence in the ES scenario and a positive on in the LS. A
possible explanation is connected to the learning process of agents. Lower vision means
agents take less decision during their existences. Thus, under cultural pressure agents
have less chance to determine how to deal with risk. Hence, the population become
biased (less risk-seeking than necessary). Under genetic pressure, the decision process
is not dynamic, and the only issue is to collect energy. A lower vision ray implies less
chance to get it. Consequently, the wider is the vision ray, the more likely is for risk-
averse agents to survive and generate offsprings.

We interpret the results regarding the average duration of the agent’s life using the
notion of the pace of life. A shorter life means a lower expected number of offsprings
to lose in case an attack fails. Under genetic pressure, this drives agents toward a less
conservative mindset. In case agents learn, longer lives allow them to evaluate better
the expected outcome of a solution. It pushes the population towards a less biased set
of risk preferences (in this case, more risk-prone). These results address a need for a
wider perspective on evolutionary approaches to individuals’ decision-making that also
includes cultural adaptation in the process of shaping risk preferences [3].

5.2 Relationship between the emergence of risk sensitivity and the
harshness of the environment

Section 4.3 displays how the harshness of the environment influences risk prefer-
ences alteration. For both cultural and genetic adaptation, there is a non-monotonic re-
lationship between these two factors. Szpiro founds something similar [26]. It analysed
an elementary stock market in which agents genetically adapt and compensate for the
increase of environmental danger with a higher number of offsprings per time step.
Results from this model are comparable when adaptation is driven mostly by genetic
selection. In that case, they both show a direct relationship between the harshness of
the environment and the final level of risk aversion. Also, both point that this phenom-
enon is less intense when the rate of survival is low. Here we propose a possible expla-
nation with two concurring forces. The first is fitness for the environment. When there
is no risk, entities have no incentives to develop risk preferences. This incentive grows
with the dangerousness of the surroundings. The second is the expected benefit of risk-
aware behaviour. Being more cautious is progressively less beneficial when the envi-
ronment is harsher. There could be a level of dangerousness of the environment in
which the surroundings are so perilous that being risk-averse does not change the
chance of avoiding risk. We suggest that the non-linear and non-monotonic behaviour
of this relationship is the combination of these two strengths. While having these prop-
erties, the shape of the curve can vary. This difference could be addressed to various
combination patterns existing in distinct systems. Further analysis is necessary to prove
these hypotheses.
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6 Conclusions

Our work improves upon the existing knowledge about the emergence of risk prefer-
ences in complex systems. It shows that nontrivial relationships can occur between en-
vironmental factors and the emergence of risk sensitivity in MABS. What is more, it
explains how the style of adaptation influences these relationships. Since the simulated
model is simple, we claim these results could apply to various application fields.

The research has limitations and several potential extensions. The environmental pa-
rameters are static. This is partially compensated by the co-evolution dynamics of the
agents. Further investigations could acknowledge it. Similarly, we consider only a sin-
gle learning strategy, a simple one. It is coherent with the goal of the research. Future
developments could assess the effect of different learning approaches. To conclude,
potential outlooks include the generalization of the results, the identification of a con-
nection between the pace of life and the emergence of risk preferences, and a spatial
network representation of the problem [1].

References

1. Amblard, F., & Quattrociocchi, W.: Social networks and spatial distribution. In Understand-
ing Complex Systems (2017). https://doi.org/10.1007/978-3-319-66948-9 19

2. Asmussen, S., Hejgaard, B., & Taksar, M.: Optimal risk control and dividend distribution
policies. Example of excess-of loss reinsurance for an insurance corporation. Finance and
Stochastics (2000). https://doi.org/10.1007/s007800050075

3. Autzen, B.: The evolutionary explanation of what? A closer look at adaptationist explana-
tions of risk preferences. Erasmus Journal for Philosophy and Economics (2018).
https://doi.org/10.23941/ejpe.v11i1.285

4. Bedau, M. A.: Downward Causation and Autonomy in Weak Emergence. In Emergence
(2013). https://doi.org/10.7551/mitpress/9780262026215.003.0010

5. Ben-Jacob, E.: Social behavior of bacteria: From physics to complex organization. European
Physical Journal B (2008). https://doi.org/10.1140/epjb/e2008-00222-x

6. Bernoulli, D.: Exposition of a New Theory on the Measurement of Risk. Econometrica
(1954). https://doi.org/10.2307/1909829

7. Bonabeau, E.: Agent-based modeling: Methods and techniques for simulating human sys-
tems. Proceedings of the National Academy of Sciences of the United States of America
(2002). https://doi.org/10.1073/pnas.082080899

8. Brennan, T.J., & Lo, A. W.: The Origin of Behavior. Quarterly Journal of Finance (2011).
https://doi.org/10.1142/S201013921100002X

9. Brennan, T. J.,, Lo, A. W., & Zhang, R.: Variety is the spice of life: Irrational behavior as
adaptation to stochastic environments. Quarterly Journal of Finance (2018).
https://doi.org/10.1142/S201013921850009X

10. Burtsev, M., & Turchin, P.: Evolution of cooperative strategies from first principles. Nature
(2006). https://doi.org/10.1038/nature04470
11. Caraco, T., Martindale, S., & Whittam, T. S.: An empirical demonstration of risk-sensitive

foraging preferences. Animal Behaviour (1980). https://doi.org/10.1016/S0003-
3472(80)80142-4



12

12.

13.

14.

15.
16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.
30.

Davidsson, P., & Verhagen, H.: Types of simulation. In Understanding Complex Systems
(2017). https://doi.org/10.1007/978-3-319-66948-9 3

Dener, E., Kacelnik, A., & Shemesh, H.: Pea Plants Show Risk Sensitivity. Current Biology
(2016). https://doi.org/10.1016/j.cub.2016.05.008

Hintze, A., Olson, R. S., Adami, C., & Hertwig, R.: Risk sensitivity as an evolutionary ad-
aptation. Scientific Reports (2015). https://doi.org/10.1038/srep08242

Kahneman, D., & Tversky, A.: An analysis of decision under risk. Econometrica (1979).
Levin, S. A.: Ecosystems and the biosphere as complex adaptive systems. Ecosystems
(1998). https://doi.org/10.1007/s100219900037

Levy, M.: An evolutionary explanation for risk aversion. Journal of Economic Psychology
(2015). https://doi.org/10.1016/j.joep.2014.12.001

Li, Y., & Ahlstrom, D.: Risk-taking in entrepreneurial decision-making: A dynamic model
of venture decision. Asia Pacific Journal of Management (2020).
https://doi.org/10.1007/s10490-018-9631-7

Magessi, N. T., & Antunes, L.: Modelling agents’ risk perception. Advances in Intelligent
Systems and Computing (2013). https://doi.org/10.1007/978-3-319-00551-5 34

Mishra, S.: Decision-Making Under Risk: Integrating Perspectives From Biology, Econom-
ics, and Psychology. Personality and Social Psychology Review (2014).
https://doi.org/10.1177/1088868314530517

Niv, Y., Joel, D., Meilijson, ., & Ruppin, E.: Evolution of reinforcement learning in uncer-
tain environments: A simple explanation for complex foraging behaviors. Adaptive Behav-
ior (2002). https://doi.org/10.1177/10597123020101001

Norling, E., Powell, C. R., & Edmonds, B.: Cross-disciplinary views on modelling complex
systems. Lecture Notes in Computer Science (Including Subseries Lecture Notes in Artifi-
cial Intelligence and Lecture Notes in Bioinformatics) (2009). https://doi.org/10.1007/978-
3-642-01991-3 5

Saltelli, A., Ratto, M., Andres, T., Campolongo, F., Cariboni, J., Gatelli, D., ... Tarantola,
S.: Global Sensitivity Analysis. The Primer. In Global Sensitivity Analysis. The Primer
(2008). https://doi.org/10.1002/9780470725184

Savit, R., Riolo, M., & Riolo, R.: Co-Adaptation and the Emergence of Structure. PLoS
ONE (2013). https://doi.org/10.1371/journal.pone.0071828

Stern, M. D.: Patrimony and the evolution of risk-taking. PLoS ONE (2010).
https://doi.org/10.1371/journal.pone.0011656

Szpiro, G. G.: The emergence of risk aversion. Complexity (1997). https://doi.org/10.1002/
Van Dam, K. H., Lukszo, Z., & Srinivasan, R.: Agent-based decision support for failure-
prone networked infrastructures. International Journal of Critical Infrastructures (2009).
https://doi.org/10.1504/1JCIS.2009.029112

von Neumann, J., & Morgenstern, O.: Theory of games and economic behavior. In Theory
of Games and Economic Behavior (2007). https://doi.org/10.2307/3610940

Wilensky, U.: NetLogo. http://ccl.northwestern.edu/netlogo/ (1999).

Zhang, R., Brennan, T. J., & Lo, A. W.:The origin of risk aversion. Proceedings of the Na-
tional Academy of Sciences of the United States of America (2014).
https://doi.org/10.1073/pnas.1406755111



