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Abstract. In recent article, Farmer and Foley [1] claimed that the
agent-based modeling may be a better way to help guide financial poli-
cies than traditional mathematical models. The authors argue that such
models can accurately predict short periods ahead as long as the scenario
remains almost the same, but fail in times of high volatility. Another real
world problem that is rarely addressed in agent-based modeling is the
fact that humans do not make decisions under risk strictly based on
expected utility. This context inspired the goal of this work: modeling
trading agents to populate an artificial market and use it to predict mar-
ket price evolution in high and low volatility periods. We developed a set
of simple trading agents and executed a set of simulated experiments to
evaluate their performance. The simulated experiments showed that the
artificial market prediction performance is better for low volatility peri-
ods than for higher volatility periods. Furthermore, this observation sug-
gests that in high volatility period trading agent strategies are influenced
by some other factor that is not present or is smaller in other period.
These facts lead us to believe that in high volatility period human agents
can be influenced by psychological biases. We also propose in this paper
one simple trading agent model that includes prospect theory concepts
in his decision making process. We intend to use such model in future
work.

Keywords: Multiagent systems - Artificial markets + Prospect theory -
Agent based computational finance

1 Introduction

Farmer and Foley [1] stated that agent based modeling could be a better way to
help guide financial policies, than traditional models. They have grouped such
traditional models in two big groups: (1) empirical statistical models that are fit-
ted to previously collected data and (2) dynamic stochastic general equilibrium.
They argue that the first group methods can successfully forecast short periods
ahead “as long things stay more or less the same”, but they fail when there are
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great changes in the market scenario. The second group methods adopt conve-
nient assumptions (“...assume a perfect world...” [1]) that simplify the problem.
This way, they avoid two much complexity, that could make such problem cum-
bersome or intractable mathematically. However, the authors [1] claim these
assumptions can make such models almost useless in high volatility periods,
because these assumptions would be far from reality at the time.

In fact, as stated by Phelps et al. in [2], “...in traditional mechanism design
problem, analytical methods are used to prove that agents’ game-theoretically
optimal strategies lead to socially desirable outcomes...however, there are many
situations in which the underlying assumptions of the theory are violated due
to the messiness of the real-world...” This real-world messiness makes analytical
methods hard to use or even impossible. However, the acceptance of suboptimal
solutions and the use of iterative refinement methods can hopefully treat this
complexity. In fact, significant research work has been carried out in automated
mechanism design to overcome the complexity of creating mechanisms with some
desirable features for situations inspired by real-word. Niu et al. in [3] simulate
agents able to trade in several possible markets.

However, several problems may be identified in agent based modeling. For
instance, it is hard to know how to specify the rules agents should use to make
their decisions. Furthermore, it is possible that in volatile periods the rules are
different or at least, slightly altered by components that are not present in nor-
mal periods. In order to address this question we developed a set of simple trad-
ing agents and simulated an artificial stock market in order to predict market
price evolution. The rest of this paper is organized as follows. The next Sect. 2,
describes our simple artificial market model and the trading agents that were
used in the simulated experiments. These experiments are explained in Sect. 3
and their results are presented in Sect. 4 and analyzed in Sect. 5. As a result of
this analysis, we propose a new approach to modeling trading agents in Sect. 6.
It is interesting to note that the main motivation for such approach is reduce
the market price prediction error by a better description of how human traders
act rather than achieving better financial results in trading.

2  Our Simple Artificial Market Model

Our approach for modeling markets is based on the following assumptions. The
market price behavior is defined by the interactions among trader agents, i.e.
their buy and sell orders. The trading agents’ strategies may be classified in two
big groups: fundamentalist and technical strategies. The first group assumes that
the stock prices reflect the company’s economic fundamentals, such as profit,
market share and so on. The second group assumes that stock prices change
according to some patterns and therefore it is possible to identify price trends
analyzing past price behavior. Furthermore, the time is modeled as a discrete
value that increases through the simulation session. The amount of resources
traded by the agents and their orders define the stock price at each instant t as
described in Sect. 2.1.
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We implemented three types of traders — fundamentalist traders, who
have a fixed idea of the value of a good based on historical data, technical
traders, who trade when the direction of price change alters (so, for example,
they sell when the price stops raising) and market making agents who provides
liquidity to the market. They do that using the last market price to establish
a buy order at the last price minus a certain spread and a sell order at last
price plus the same spread. This way market making agent provides a lower and
upper limits to the price, but the main reason for those agents are the same
that makes some companies hire market makers in real stock markets, which is
to avoid that someone that wants to buy or sell the stock is forbidden because
there is no counterpart to close the deal.

In our model, we compare the price defined by our artificial society, a set of
fundamentalist, technical and market making agents, with actual prices obtained
real stock exchange. The difference between the simulated and actual price is a
prediction error (Sect. 2.2). We use an algorithm based on hill climbing algorithm
to adjust the artificial society parameters in order to reduce this prediction error,
as detailed in Sect. 2.3.

2.1 Market Price Formation

The price predicted by the artificial market, P;, is determined by the buy and
sell orders given by the set of trader agents present in stock market that acts as
a continuous double auction. The clearing process is performed by the Four heap
algorithm described in [4]. In order to execute a deal, the sell price needs to be
lower than the buy price and the transaction price is defined as the average of
both prices. The transaction volume is the smaller volume, but higher volume
order remains in the book for posterior execution, see [4] for further details.

The market price for a given instant of time is defined as the average of all
transaction prices weighted by the volume of each transaction. That way, one
agent that gives a higher volume order is more relevant to the market price
formation than other agent that submits small volume orders. One order is
defined by its price, purpose (sell or buy) and volume. For simplicity, the volume
is defined as an integer number of shares.

2.2 Prediction Error

The absolute difference between the price defined by the simulated transactions,
that we call internal price and the price observed in the corresponding instant
t at the real market, the so called external price, is the prediction error for a
given instant of time t. The Fig. 1 presents a example of simulation session with
historical prices from one real market. However, the prediction error of a period
of time is much more relevant than just one moment to state that one artificial
market specification is better adapted than other one. Therefore, we need to
define formally what a better prediction in a defined time period, in order to
make possible the comparisons among artificial market specifications. We define
the prediction error at a given instant t, as:
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Fig. 1. Simulation session example with price evolution and error

E, = |P, — P (1)

In Eq. 1, P, refers to the price predicted by one artificial market in instant t,
while P, refers to the price observed in the real market. For a given time period,
we define the session prediction error (E), as the sum of the quadratic error
at each round, Eq. 2. If one artificial market specification M provides a smaller
session error (E), than another artificial market specification, then we may say
that artificial market M is a better description or predictor than the other.

FE =
t

N
(P — P)* (2)
=1
It is worth noting that any change in the market specification does not alter
traders’ strategy, but their relevance to the market price definition as described in
Sect. 2.1. Given any trading strategy, it is possible to perform market adjustment,
and such a process is described in Sect. 2.3. We describe our trader model and

trader agent optimization in Sect. 2.4.

2.3 Artificial Market Adjustment

We use the fact that traders with higher volume have more relevance to the
market price formation as described in Sect. 2.1 to adjust the market population
(i.e., the set of the agents) to fit data previously observed in real markets. For
simplicity, each agent type has just one instance, and it trades one specific share
quantity at each round. The artificial market specification is defined by
three parameters: the share quantities of each one of the three kinds of agents:
fundamentalist, technical and market making agents. The objective function is
the session prediction error, defined in Eq. 2.



20 P.A.L. de Castro and S. Parsons

It is very hard to know a priori how a change in one of the specification
parameters may affect the predicted price P; or the session error (E). Therefore,
we used as first alternative an efficient general method to find minimum points
of the objective function E. It is the random-restart hill climbing method, which
is a simple variant of the common hill climbing method [5], that uses a different
random starting point at each time it finds a local minimum for the objective.

2.4 Trader Model

Trading agents are responsible to decide and to submit buy or sell orders to their
target assets, according to their specific trading strategies. For simplicity, each
agent trades with just one stock. Trader agents can be classified as technical,
if they decide based on price and/or volume time series, or fundamentalist, if
they decide according to information related to the company performance in its
market, e.g., profits. In order to avoid unmatched orders, we also implemented
a market making agent which is described below.

Market Makers. The market making agent is responsible to offer buy and sell
orders in order to facilitate trading to occur at every round. Their presence is
important to guarantee that it is defined an internal market price for each round.
As explained in Sect.2.1 this price is determined by one or a set of business
transactions weighted by the volume of each transaction. The market maker
order price is defined by yesterday’s price plus a spread, a small percentage,
in case of a sell order or minus the spread in case of a buy order. Therefore, it
defines a lower and upper limit for the price. The spread was defined as 0.5 % in
our simulated experiments. However, the internal price is really defined by the
technical and fundamentalist agent’s orders and their respective volumes.

Technical Traders. There are many technical strategies used in the stock
market [6]. One of the simplest and most well-known strategies is the moving
average (MA). The moving average index tries to identify trends in stock prices.
The average is defined by an observation period, usually defined between 14
and 60 days, and a calculation method that can be simple average (sum of all
prices and divide it by the number of values) or exponential average to give
more relevance to newer prices rather than older prices. The moving average is
interpreted using graphics with lines of moving average and prices. The moving
average line is a resistance for high trends and down trends. When prices are in
high trend (or down trend) and the price line crosses the moving average line,
it means a warning to trend reversal. Therefore, when the moving average is
crossed by the price line in a high trend, it means a sell signal and similarly
when the moving average line is crossed by the price line in a down trend, it is
a buy signal. We used MA and adapted it to provide order price based on the
last market price.
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Fundamentalist Traders. The modeling and implementation of fundamen-
talist traders may be much more complex than technical trader [7]. The data
used by fundamentalist traders may be economic information about the com-
pany (such as profit, dividends policy and so on), about the economic sector (size
and growth projections) and/or general economy (growth projections, volatility
analysis, etc.). We used on this paper a very simple approach to fundamentalist
trader based on the profit time series. We used this to predict a profit on a
given future time t through simple linear regression. Then we assumed that the
relation price/profit holds along the time, so it is possible to estimate the price
at time t.

3 Simulated Experiments

We performed a set of simulated experiments in order to test our simple model
and evaluate the quality of predictions using real market data of several years.
We implemented our trading agents using an adapted version of auction simu-
lator called JASA [8]. JASA runs over an Agent-based modeling toolkit called
JABM [9]. The real market data includes nine years of Intel stock prices between
2003 to 2011 from Nasdaq exchange. The Fig.2 presents two graphs each one
shows the simulated price, actual market price (or external price), the error at
each round and the cumulative error for the whole simulation session. The left
graph represent the results in a low volatility period and the other in high volatil-
ity period. It is possible to realize that the cumulative error line is steeper in the
high volatility period graph.
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Fig. 2. Examples of simulation sessions in low and high-volatility periods

4 Simulation Results

We expected that artificial markets achieve smaller errors in low volatility peri-
ods than in volatile periods. We believe that this may happen because in volatile
periods, human trader may let their emotions and feelings guide their decisions.
The simulation results are presented on Table 1. We simulated nine years of oper-
ation using historical prices of Intel Corporation stock from Nasdaq Exchange.
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Table 1. Simulation results of years 2003 to 2011.

Year Variance | Volatility | Error | Performance
2003 542.3 high 344.3 | good
2004 365.1 | high 501.0 | bad
2005 167.7 | low 407.1 | bad
2006 284.1 low 289.3 | good
2007 269.9 |low 349.0 | good
2008 1116.6 | high 263.4 | good
2009 542.1 high 449.8 | bad
2010 254.5 | low 296.3 | good
2011 292.6 | low 234.5 | good
High volatility average | 641.5 |high 389.6 | bad
Low volatility average | 253.7 low 315.2 | good

The variance of arithmetic returns were calculated for each year and used to
classify the years from 2003 to 2011 as high or low volatility years (situation
column). We simulated artificial markets as described in Sect. 2.3 and calculated
the smallest session error for each year after several execution of the artificial
market adjustment process as explained in Sect. 2.3. The smallest session error
achieved for each year are presented in Tablel. According to such errors, we
classified artificial market performance as good and bad performance as shown
in performance column. We used the average error (348.3) as limit to define
between good or bad performance. The low-volatility average error is 315.2,
while the high-volatility average error is 389.6, as shown in Table 1.

5 Result Analysis

The predictions done by the artificial market presented good performance on
four of five low volatility years, but only two good performance of four possible
for high volatility years. On the last two rows of Table1, we may realize that
the prediction performance (315.2) is better for low volatility periods than for
volatile periods (389.6 of prediction error). Therefore, we can conclude that the
predictions made by our artificial market presented significantly better perfor-
mance in low volatility periods than in volatile periods, as we expected. One may
argue that it is according to common sense, because more volatile periods are
usually harder to predict. However, it is important to remark that as argued by
Farmer and Foley [1], we believe that agent based models may bring more accu-
rate predictions than traditional models specially when there are big changes in
the market, but it will require better understanding about how agents reason in
high volatility periods. This fact leads us to believe that in volatile period trad-
ing agent strategies are influenced by some other factor that is not present or at
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least it is weaker in other period. We believe that human agents can be influ-
enced by psychological biases as described in Kahneman and Tversky’s work [10]
in high volatility periods. We discuss this idea and how it can be used in trading
agent modeling in Sect. 6.

6 Prospect Theory and Trading Agent Modeling

One real-world problem that is not often addressed in artificial markets is the fact
that human beings don’t make decisions under risk strictly based on expected
utility. In fact, some alternative models are available, as for example Prospect
Theory. This theory was proposed by Kahneman and Tversky [10] and it can
be seen as alternative to model and describe human decision making under risk.
Kahneman and Tversky claim that several observed behaviors cannot be pre-
dicted or explained by expected utility theory [10]. For instance, people usually
underweight outcomes, which are merely probable in comparison with outcomes
that are obtained with certainty. This tendency is usually called the certainty
effect, contributes to risk aversion in choices involving sure gains and to risk
seeking in choices involving sure losses. Another effect pointed by Kahneman
and Tversky, describes the observed preference in their experimental studies
with human beings for guaranteed small gains over uncertain large gains, and
conversely for uncertain large losses over small certain losses, called reflection
effect.

Auctions can be seen as decision making under risk, including continuous
double auctions as observed in stock market. Prospect theory was developed
for prospects with monetary outcomes and stated probabilities, but it can be
extended to more complex options. The theory establishes one phase of editing
and a subsequent phase of evaluation and selection. The editing phase con-
sists of an analysis of the offered prospects, which may eliminate some possible
outcomes to create simpler representation of the initial prospects. In the eval-
uation phase, the remaining prospects are evaluated through a value function
proposed by the authors and the highest value prospect is chosen.

6.1 Trading Agent Modeling and Prospect Construction Phase

Outcome = (Mf — Pt * 61») + (Qt + Gt) * Pt+1
—[M; + Py x Q4]
Outcome = (Pyy1 — Pr) % (Q4 + 64) (3)

As described in Sect. 2.4, our trading agents are able to define and submit
orders to the market. Furthermore, each trading agent is able to make price
prediction and use it to define one order among three possibilities: buy, sell or
hold. As explained in Sect. 2.3, the order volume is not defined by the agent itself,
but by the artificial market adjustment process. Furthermore, the trading agent
selects the option that seems to him that it is going to bring the best outcome.
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Such an outcome is the difference between the position at time t and the next
time, after an order is executed. This outcome may be calculated as stated in
Eq. 3, where P, refers to the price, M, is the amount of money, @); is the number
of shares at time t and 6; is the number of shares, positive for buy orders or
negative for sell orders, to be transacted by the order given at time t. Each order
defines changes in ;41 and the market behavior defines the change in P;11. The
price cannot be defined a priori, but it is estimated by our trading agents (P;1),
so we can calculate Py — P;. Any order may bring different outcomes according
to the market price in the next round P,11. In order to establish prospects given
the possible orders, we would need to determine the probabilities given each
possible outcome considering two possible decisions: buy or sell. The future price
P41 is a continuous value and 6; is a non-linear parameter, it is dependent of
the trading strategy and the artificial market adjustment, so the outcome is
itself a continuous non-linear function which would require a probability density
function to represent the associated probabilities. The definition of such functions
would be extremely complex or even impossible.

Therefore, we initially intend to use a simple approach based on the dis-
cretization and arbitrary reduction of the possible outcomes. The future price
P, 1 may be approximately equal to the estimated price P41, i.e., Pryp is in
the interval [P;11 — 8, P11 + 6](likely outcome). Furthermore the real price may
be slightly higher or lower than the estimated price. It is slightly higher, if it is
in the interval (P11 + &,P; 1 + 2 * 4. It is slightly lower, if it is in the interval
[Pry1 — 2% 0,Pipq — xd). Assuming that the provided estimated P;1; is usually
close to the real price P;41 and it is not biased to higher or lower values, we can
assume a higher probability to the first scenario and two equal and smaller prob-
abilities to the other two scenarios. The parameter § may be defined according
as percentage of the initial value of the stock and the probability that real price
is outside the interval (Pryq — 2% 0,Pr1 + 2% ) is assumed to be zero.

We believe that using these simplistic but reasonable assumptions, it is pos-
sible to construct one prospect to each possible action of the trading agent.
Such a prospect construction phase takes place before the editing and evaluation
phases and provides the information needed for them. The selected prospect in
the evaluation phase is assigned to one action, which will be selected by the
extended trading agent as his decision. We intend to use the proposed trading
agent modeling based on prospect theory in future work.

7 Conclusions and Further Work

Traditional economic models include dynamic stochastic general equilibrium
models and empirical statistical models that are fitted to previously collected
data. These models may successfully forecast short periods ahead or “as long
things stay more or less the same” [1], but they are not reliable for volatile
periods. Agent based modeling may become a better way to help guide finan-
cial policies, than traditional models according to some researchers [1]. However,
several problems may be identified in agent based modeling. For instance, it is
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hard to know how to specify the rules agents should use to make their decisions.
Furthermore, it is possible that in volatile period the rules are different or at
least, slightly altered by components that are not present in normal periods. In
order to address this question we developed a set of simple trading agents and
simulated an artificial stock market in order to predict market price evolution.

The simulated experiments showed that the artificial market prediction per-
formance is better for low volatility periods. Furthermore, this observation sug-
gests that in volatile period trading agent strategies are influenced by some
other factor that is not present in other periods. We believe that in volatile
periods human agents can be influenced by psychological biases as described in
Kahneman and Tversky’s work [10]. Prospect theory may be seen as an alterna-
tive account of individual decision making under risk. The theory was developed
for simple prospects with monetary outcomes and stated probabilities, but as
the authors claims it can be extended to more involved choices [10].

We proposed a simple trading agent based on prospect theory that can be
used to simulate artificial markets with this kind of agent. The model uses a
prospect construction phase to be used within the trader agent reasoning process.
Such phase happens before the two traditional prospect theory phases: editing
and evaluation (Sect.6). We intend to use the proposed trading agent modeling
based on prospect theory in future work to verify if artificial markets populated
with this kind of agent may achieve better prediction performance.
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