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Goal 
To investigate the interplay between financial-market dynamics and emerging investor per-
sonalities of agents with the ability of self-adaptation and social learning. 

Background and motivation 
The financial system is the core of our current economy. Financial markets, as the most im-
portant part of the financial system, provide an efficient way to trade assets of various kinds. 
Asset prices determine investor decisions and depend on them in turn, leading to complex dy-
namics that are prone to drastic fluctuations in both asset price and investor wealth; an issue 
that, although not new, has recently attracted mounting public attention. Traditional financial 
research has usually assumed that investors are homogeneous; in the real world, however, 
they are heterogeneous and adaptive. This means that they can adjust, over and over again, 
their beliefs and strategies according to the market situation and their own performance histo-
ries. Such adaptability is in fact necessary to achieve market efficiency, but it is also the force 
at the origin of great market tremors and financial crises. 

Agent-based models allow analyzing the interplay between investor personalities and fi-
nancial market dynamics without a need for artificially constraining the heterogeneity or 
adaptability of investors. To establish the proper context for such modeling efforts, we elabo-
rate on these two key points in turn. 

Investors are heterogeneous. In a real financial market, there are many participants, like 
fund managers, investment bankers, speculators, and individual investors, and these differ, 
e.g., with respect to their beliefs, motives, risk preferences, time horizons, and trading fre-
quency. Wolf et al. (2007) showed that competition may result in stable coexistence of differ-
ent explorative and risk-taking strategies in animals, leading to characteristic “animal person-
alities”. According to Simon (1956) and to Kahneman and Tversky (1979), economics and 
finance are witnessing an important (if actually slow) paradigm shift, from a representative, 
rational-agent approach towards a heterogeneous, bounded-rational approach. 

Investors are adaptive. Based on empirical studies, Ippolito (1992), Del Guercio and Tkac 
(2002), Benartzi and Thaler (2007), and De Jong et al. (2009) found that investors change 
their behavior, which I turn affects market prices. Investors do this either through individual 
learning or through social learning. Chen and Yeh (2001) introduced a “business school” 
mechanism to implement social learning. Chang (2007) described a learning process via vari-
ous individual and social learning factors. Ryuichi (2010) allowed agents to learn other 
agents’ decision parameters directly, which may be considered unrealistic, since such parame-
ters are usually not observable as such and can be inferred from observable actions only with 
great uncertainty. 

Social learning through imitation tends to reduce investor heterogeneity, creating a trend 
to “follow the herd”. This can often be a successful strategy, but it may also create market sit-
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uations that greatly reward minority decisions. This is reminiscent of the El Farol Bar Prob-
lem of Arthur (1994) and the Minority Game of Challet and Zhang (1997), in which conges-
tion entails low efficiency. This suggests that there is a collectively optimal level of social 
learning that preserves investor heterogeneity while still fostering market efficiency. 

The Santa Fe Institute (SFI) artificial stock market model (Arthur et al. 1997) is an early 
and widely studied agent-based market model, designed to explore asset-pricing theory by 
employing heterogeneous agents. Such agent-based methods have recently become popular, 
because they enable a repeatable and controllable approach to otherwise intractably complex 
dynamics. Agents in the SFI artificial stock market achieve individual learning though updat-
ing their strategies via a genetic algorithm (GA). LeBaron (2001) revised the SFI model to 
include social learning via a strategy pool, which is not only more efficient but also better re-
flects reality. In this project, we will thus follow the latter approach. 

Research questions 
Modeling a group of agents with different risk attitudes and the ability to learn from history 
and each other, I will address the following questions: 

 Which population structures emerge, and how do they affect asset prices and wealth 
distributions? 

 How does the introduction of social learning influence market dynamics? 

 Can we identify population structures that promote or threaten market stability? 

 What is the relationship between trading frequency and wealth distribution? 

Methods and work plan 

Model overview 

Our model is agent-based and uses discrete time. Agents can divide their wealth over two as-
sets: firstly, there is a risk-free bond (not modeled explicitly), paying a known interest rate; 
secondly, there is a risky stock, paying an uncertain dividend that fluctuates according to an 
AR(1) model. At the end of each period, the agents may reallocate their wealth; by selecting 
the number of stocks and bonds in their portfolio, they attempt to maximize the expected utili-
ty of their wealth. To assess this expected utility, the agents apply forecasting strategies to 
estimate the value of the stock in the next period; the number of stocks they want in their port-
folio depends on the current and expected future price. To satisfy the demand thus created, the 
market offers a trading scheme that adjusts prices and demands accordingly. By continually 
comparing predicted and actual stock values, agents assess the usefulness of their forecasting 
strategies and learn to use good ones. All agent decisions are influenced by four evolvable 
traits characterizing an investor’s personality. 

Portfolio 

Agents divide their wealth between a bond and a stock. With i
tx  denoting the number of 

shares held by agent i  at time t , tp  the price of a share, td  the dividend, tr  the risk-free in-
terest rate (initially assumed to be fixed for all times, ftr r ), the wealth 1

i
tW   of agent i  at 

time 1t   is given by 

1 1 1( ) (1 )( )i i i i
t t t t t t t tW x p d r W p x       . 
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The expectation of the share value 1 1 1t t tv p d     (and therefore of 1
i

tW  ) depends on an 
agent’s forecasting strategies (see below). Investment into the bond is modeled implicitly: 
wealth not allocated to the stock is implicitly invested in the bond. Agents attempt to maxim-
ize their utility 

1 1( ) exp( )i i i
t tU W W    , 

which represents constant absolute risk aversion (CARA) (von Neumann and Morgenstern 
1944), with i  denoting the coefficient of absolute risk aversion of agent i . 

Forecasting 

Each agents i  has a list of strategies ( , , )i
j j ja b c  to forecast the expected stock value as 

1 1( ) ( ) ( )i i i i
t t j t j t t jE v a v b v v c     , 

which amounts to estimating stock values as an AR(2) process. In each period, agents reorder 
their strategies according to the squared deviation of their recently predicted stock value from 
the actual current stock value. Each strategy is thus assigned an updated weight index 

2
, 1, 1(1 ) ( ( ))i i i i i

t j t j t t tw w v E v      , 

where i  describes the agent’s propensity to accept new information. Agents pick a strategy 
for making the next forecast with a probability proportional to ,( )

ii
t jw  , where i  describes 

the relevance the agent assigns to a success-based ordering of its strategies. 

Price and demand 

It can be shown (von Neumann and Morgenstern 1944) that agents maximize their expected 
CARA utility by holding 

1

1,

( ) (1 )i
i t t t
t i

t

E v p r
x

w


 

 
  

shares, where 1,
i
tw    is the weight index of the forecasting strategy the agent currently uses 

(which roughly reflects the historical variation in this rule’s forecasting success, see its defini-
tion above). The demand thus generated depends on the current price tp . 

Trading 

The agents’ respective demands are collected and trading prices are adjusted until supply 
meets demand. While trading is in this sense optimal, we allow for the possibility that agents 
do not have equal access to the market: in an attempt to mimic the situation in real markets, 
we thus assume that wealthier agents enter the market more frequently. Agents that do not 
enter the market within a given period do not participate in the price-setting scheme and can-
not reallocate their wealth during that period. 

Learning 

If the weight index of a strategy exceeds an agent’s weight threshold i , the agent replaces 
this strategy by a new strategy drawn randomly from a set of centrally published strategies. 
This strategy pool contains n  strategies, m  of which are the m  most successful strategies in 
the agent population and the rest are randomly generated strategies. Large values of m  corre-
spond to a high degree of social learning. 
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Personalities 

For each agent, the vector ( , , , )i     describes its “investor personality”. In each period, 
these personality traits are subject to mutations with small probability, upon which new trait 
values are drawn from Gaussian distributions of given widths centered on the old trait values. 

Model implementation 

The algorithm sketched above will be implemented in C, while the model output will be ana-
lyzed in Matlab. 

Work plan 

The work plan is as follows: 

 Using a set of “reasonable” personality trait values, motivated by common sense, run 
the model with a monomorphic, non-evolving investor population, and visualize asset 
prices, wealth distribution, and strategies. 

 Identify, if possible, model parameters that produce asset prices and wealth distribu-
tions with “realistic” qualitative features. Assess whether there are accompanying 
strategy patterns and how these can be interpreted. 

 Let investor traits evolve and observe the resultant trait distributions. Vary model pa-
rameters to establish stable polymorphisms through evolutionary branching. 

 Add social learning and observe its effects. Look for a critical level of social learning 
at which its costs (loss of heterogeneity, leading to an inability to react to market fluc-
tuations) outweigh its benefits (ability to follow and stabilize trends). 

 Document parameter choices and describe emerging patterns that appear to be corre-
lated with stable/unstable market phases. 

 Observe the effects of trading frequency on wealth distribution. 

Relevance and link to EEP’s research plan 
Poverty and Equity is one of the three global problem areas on which IIASA research is 
planned to focus. In real financial markets, big investors often have a systematic advantage 
over small investors. With this project, we hope contribute to an increased understanding of 
the conditions required for the emergence of fair and equitable markets. By interfacing re-
search on financial markets with recent advances in understanding the evolution of animal 
personalities, this interdisciplinary work is also related to EEP’s research project on Evolving 
Biodiversity. 

Expected output and publications 
This research is intended to be published as a coauthored article in an international scientific 
journal. 
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