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Abstract

We investigate the agent-based modeling technique in a model of wealth distribution.
In the first part we discuss this modern approach to economic modeling in the light of
two major methodological approaches in the history of economic analysis, classical
political economy and neo-classical economics. In the core part of the paper we present a
model which belongs to the large group of essentially neo-classical models that neglect
work, production, and productive relations, but rather focuses on distributive interactions
in a hunter-gatherer society. We obtain interesting dynamics of inequality in the
simulation of wealth distribution. We analyze some causal links between the rules and
parameters on the one side and the results on the other side. In this way, we can explain
some results in terms of the mechanisms generating them instead of just admiring an
“emergent structure”. The analysis of relative inequality as measured by the Gini
coefficient shows an inverse correlation between the average degree of vision (agent’s
skills) and wealth inequality expressed by the Gini coefficient. We also explored the
effects of inheriting initial wealth and vision. Finally, we do not succeed in simulating the
Pareto law, thus failing in replicating an empirical pattern of capitalist distribution of
wealth.
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1. Methodological introduction

In this paper we apply agent-based computer modeling technique to study wealth
distribution. The basic feature of this model is that “fundamental social structures and
aggregate behaviors emerge from the interaction of individual agent operating on
artificial environments under rules that place only bounded demands on each agent’s
information and computation capacity” (Epstein and Axtell 1996 quoted as E&A 96, p.6).
Before going deeply into the characteristics of this technique we want to make some
reflections on the method of inquiring into economic theory in order to understand the
peculiarity of this modern approach. To this end, we will examine the methodological
features of two different conceptions of economic theory following one upon the other as
dominant theory in the life of the discipline: the British classical political economy and
the contemporary neoclassical economic theory.

In the first place, the two theories can be distinguished by the choice of the point of
view taken to observe economic phenomena from: the neo-classical economists opt for an
individualistic perspective and as a result analysis focuses on the simple elements of
these phenomena, or in other words on the single parts constituting the social whole. It is
an approach that takes society as the sum of separate individuals: social phenomena are
assumed to be attributable to the actions of individuals as involuntary products. In this
approach — termed methodological individualism in the social sciences — when
individuals inter-relate forming a social whole they continue to behave on the basis of
their own intrinsic characteristics and the fact that they belong to a collective body does
not modify their behavior. Thus society is the mere sum of isolated individuals and the
plurality of people does not affect the constitution of human subjectivity. As Menger put
it, the original factors of economic theory consist of the elements of the ‘“single
economies”, namely needs, the resources nature has to offer and the aspiration to satisfy
these needs. Political economy shows how the more complex phenomena of “social
economy” develop from these factors (see Menger 1985 p.45) The laws of “social
economy’’ are the theoretical representation of the ratios between economic magnitudes
(prices, quantities of goods, income, wages, profits, rents), which are thus inferred from
the relations between individuals, needs and the natural environment, without considering
those relations between individuals that take on concrete form in entities external to the
individuals, consisting in institutions, moral rules, social conventions and, more generally
speaking, the culture of a people.

By contrast, the classical economists favor a systemic or — as the social sciences have
it — “holistic” approach, which consists in taking a more general position to observe
reality, focusing more on the product of interaction between subjects in society than on
the actions of the individuals. Here the individual is seen as a social being, an entity that
generates society and is generated by it; in social interaction the individual is not taken as



an isolated subject acting independently of the others, but rather as occupying roles and
positions within society, which in turn influences his behavior. Classical economics takes
these collective roles into consideration as products of the historical interaction between
individuals, and goes on to analyze the functioning of the social system consisting of
groups, classes, hierarchies, institutions social conventions and moral rules. With this
more general perspective, classical theory is able to bring into its analysis of economic
phenomena those social and historical factors that define the economic problem in all its
complexity.

The second central aspect we focus on is closely bound up with the first, being a
matter of the different interpretations of the nature of economic generalizations in terms
of the two approaches considered. Neo-classical analysis based on the model of the
natural sciences and the positivist conception of science makes of economic theory “an
extension of the field of application of exact logic” (Schumpeter 1954 p.60). These
economists display great confidence in the possibility of the field of application of the
quantitative relations with general properties sufficiently well defined in form. Together
with a rigorously individualistic approach, this leads them to exclude from their analysis
forces determining the fundamental economic relations — i.e. historical and social factors
— confining any possible effect of the latter to the exogenous elements of their theory
(taste, labor endowment, technological conditions). By contrast, classical analysis takes a
more cautious and general approach to the use of mathematical tools, dividing the
structure of analysis into two separate fields (see Garegnani 1990). The first field consists
of a theoretical “core”, which is identified with the determination of relative prices and
the rate of profits, where economic phenomena can be represented with general
quantitative relations of a definite form. Economic relations are more complex in the
second field where we can find the analysis of the forces determining capitalistic
accumulation and real wages; these forces cannot be represented with a system of
rigorous quantitative relations, but analysis must be conducted with a more inductive
method of inquiry involving specific experience of real events. By limiting the sphere of
application of axiomatic procedures the classical economists succeed in taking account of
historical and social factors in explaining economic phenomena, thus affording the study
of such factors an integral part in economic theory.

Applying these two important methodological benchmarks we discuss the basic
features of the agent-based modeling. Agent-based (AB) modeling proposes a different
approach that tries to deal with the potential complexity of human interaction using
computer simulations and experiments. The agent-based modeling methodology has a
long history beginning with Von Neumann’s work on self-reproducing automata (1966).
Since then it has had a lot of developments and applications in various fields. The efforts
of the pioneers of this methodology were constrained by the limited computational power
available in the seventies and eighties. It is only in the nineties that advances in computer
science have made agent-based modeling powerful and practical. The recent efforts to
use agent-based modeling in social science include the works of Albin and Foley (1990),
Arthur (1991, 1994), Marimon, McGrattan and Sargent (1990)’.

The basic idea of this approach is to “grow” social structure of interest in the computer
in order to discover the micro rules and entities that are sufficient to reproduce them. The

3 For a complete and suggestive reconstruction of the evolution of the relation between computer science
and economic ideas see Mirowski (2002).



main aim is, of course, to be able to control the micro mechanism in such a way that the
macro structure we grow is as close as possible to the real phenomena. In a further step
the conditions of divergent results are assessed. We can now go deeper in analyzing some
important characteristics. In macroeconomics the use of representative agents eliminates
heterogeneity of empirical agents. In the agent-based models the population is highly
heterogeneous and consists of agents of distinct resources and genetically or culturally
transmitted traits. Individual traits can change — adapt — in the course of life as a result of
interaction with other agents and with the environment.

Action in these models takes place locally and no agent has global information. When
trade is modeled, price formation is a process of completely decentralized bilateral trade
between neighbors. There is neither any computation by any agent of the market-clearing
price, nor any super-agent like a Walrasian auctioneer doing that job for all the others.
This is in stark contrast with neoclassical theory, which relies on aggregate excess
demand functions — or some other for of global information — for the existence and
convergence to equilibrium. Furthermore the equilibrium prices that emerge are different
from the general equilibrium prices of neoclassical theory, it is a statistical equilibrium.
If we try to predict the price of a transaction we should take into account that each
agent’s utility depends not only on her own internal valuation (marginal rate of
substitution) but also on that of her trading partner. Predicting who this neighbor is going
to be and her marginal rate of substitution: obviously, this calculation can only be made
probabilistically. One important consequence of this is that agents with identical
endowments and preferences can end up in very different welfare states through the
decentralized trade: they encounter different people, bargain to different prices, and trade
different quantities, producing initially small differences in their respective welfare states,
which can be amplified with time. This result is related to the fact that with decentralized
bilateral trade the economy is perpetually out of equilibrium (in the neoclassical sense)
and the story of the efficient market allocation told by the First Welfare Theorem does
not hold".

Another important characteristic of the agent-based models is that the point of
departure is the individual: the economist gives agents rules of behavior then a simulation
is run and a macroscopic social structure emerges. This approach contrasts with what we
called the “holistic approach” and with the highly aggregate perspective of
macroeconomics, in which social aggregates like classes, states and institutions constitute
the starting points of the analysis. Thus, to that extent agent-based models can be
characterized as methodological individualists. However, as E&A 96 point out, agent-
based models belong to that version of methodological individualism that believe that the
collective structures or “institutions” that emerge can have feedback effects in the agent
population, altering the behavior of individuals (see p.16-17). This allows studying the
interactions between individuals and institutions, actions and structure, and invention and
nature.

Finally, we want to tell something about the idea of explanation that is behind the
agent-based models. E&A observe that this kind of models is going to change the idea of

* The recent development of the Statistical Equilibrium theory by Duncan Foley clarify the sense in which
the equilibrium is probabilistic — to be distinguished from the Stochastic general equilibrium theory
framework under incomplete information first promoted by Radner. Foley shows also as in statistical
equilibrium markets can only approximate but never achieve Pareto optimal allocation.



explanation in social science. They suggest that in order to ask ourselves if we can
explain a phenomenon, we should ask if we can “grow” it (p.29). The central aim of
economics and of all social science should be to look for the microspecifications that
allow us to generate in silico the macrophenomena we are interested in. Such experiments
lead to hypotheses of social concern that may be tested statistically against data.

Now we will try to address the issue of how to place the agent based modeling
technique in the epistemological debate between classical and neoclassical approach. In
the first place, we already observe that AB models share with neoclassical theory the
methodological individualism. However, the idea of the feedback effects from the social
structures to the single agent recall the classical concern for social and historical factors
in explaining economic phenomena. Furthermore, the local dimension of individual
interactions allows the AB models to analyze the inherent complexity of human relations
in the economic sphere. As Foley observes, “the neoclassical rational economic agent
needs not to consider the reactions of other actors in their potential complexity, since the
equilibrium market prices convey enough summary information to allow her to make a
rational plan” (1998 p.54-55). Thus, the reductionism of neoclassical theory lies in the
faith that the complexity level of the economy as a whole is lower than that of the agents
who constitute it.

In the second place, the interpretation of the nature of economic generalizations in the
AB models is a little bit controversial. As we said these models propose a new idea of
explication in social science which probably rules out the possibility of using old
categories like the causal relations. The connection between the emerged macrostructure
and the micro mechanism, which can grow it, is certainly not experimental, in the sense
that our results are the product of experiments and not analytic-logical deductions from
some basic postulates, rather the nexus is stochastic. Features from the inductive
approach come to the fore insofar as the agents are modeled in accordance to empirical
human beings.

But are we sure that in economic analysis explanation doesn’t matter at all? Somebody
could observe that this kind of argument is close to Friedman’s idea of economic theory
as a machine to create good predictions. No matter how we construct the model, the
validation of a theory is determined by its capacity of generating good predictions (see
Friedman 1953). The critics to this approach are centered on two basic arguments: on one
hand, theories focusing on forecasting at the expense of explanation do not contribute to
our understanding of economics if by understanding we mean progressive steps towards
the discovery of the truths in causal relations between economic magnitudes. Moreover,
the forecast criterion brings research activity up against a blind wall; two theories with
the same forecasting capacity are considered equally good, and there is no way of judging
the specific validity and related areas of application. E&A do not seem to be worried
about this criticism when they observe “the mapping from micro-rules to macrostructure
could be many to one. In the social sciences, that could be an embarrassment of riches; in
many areas, any to one would be an advance™. On the other hand, causal relation could
serve as a good manual in the case that our theoretic machine breaks down and we need
to look under the hood to fix the problem. In the next paragraphs, we will present a model
for “growing” the relevant phenomena of wealth inequality and we try to evaluate the

> Note 25 p.29



consequences of the methodological features discussed directly in the field of the
application.

2. The Basic Model

While the agent-based modeling approach provides models for phenomena of many
scientific areas, we pick one characteristic feature of capitalist societies. The model
simulates the distribution of wealth using the Netlogo Beta 8.0 program. Our model is
grounded on the wealth distribution model of Netlogo, which is mainly based on E&A’s
Sugarscape Model (1996 ch. 2). It belongs to the large group of essentially neo-classical
models that neglect work, production, and productive relations, but rather focuses on
distributive interactions in a hunter-gatherer tribe. Basically, such a model has three
ingredients: agents, an environment or space, and rules. While agents and rules of
decision are familiar from neo-classical models, an objective and autonomous
environment remains unimaginable in neo-classical theory. Our set-up further deviates
insofar as initially not only the agents, but the environment is endowed as well. The
decision taking aims to maximize, but the constraints are neither global nor obvious.

Agents are the people of the artificial society we construct. Each agent has internal
states and behavioral rules. Some states are fixed for the agent’s life, while others change
through interaction with other agents or with the external environment. In our model, the
agent’s metabolic rate and vision are fixed while wealth can change as agents move
around and interact with the environment and indirectly with their co-agents as well. Life
in an artificial society takes place in an environment governed by its own rules to provide
a space of renewable resources that agents can get, metabolize and accumulate.

Finally, there are rules of behavior for agents and for sites of the environment. In our
model a movement rule for an agent is to look around as far as one can, find the richest
site, go there, and get the resource. The rule for the environment sites could state: each
site refreshes its initial resource capacity at the end of each period. Using this simple
microstructure the model tries to “grow” a collective structure such as the wealth
distribution. In the E&A model wealth is represented by an amount of sugar, while we
call it grain. The specification of the three ingredients of the model is as follows:

2.1 The Agents

For each agent a location on the grain space is specified. In the model, agents are
randomly distributed in the grain space. Some agents are born at or in vicinity of rich
patches, others at poor ones. Two and more agents are allowed to occupy the same patch.
Each agent has a “genetic endowment” consisting of the grain metabolism, a level of
vision, and the agent’s initial positioning that can be described as its “environmental
endowment”. As the agents have different values for these endowment parameters, they
are heterogeneous agents.

Agent’s metabolism is represented by the constant amount of grain units she burns per
time step. It is specified for each individual agent at the beginning, as a uniform
distribution out of a narrow parameter space. Each period the agents can accumulate the
difference of what they get from their search and their metabolism. If an agent’s



metabolism rate is higher than what she has gathered in a period, she consumes out of her
stock.

The concept of vision is restricted fourfold. Three restrictions establish general bounds
on the whole population conceptualizing bounded rationality. The agents are first
prevented from global vision over all patches, second from unlimited Moore vision over
all patches in diagonal and orthogonal adjacent directions, and third from unlimited von-
Neumann-vision over all patches in orthogonal adjacent directions. Finally on the
individual level, the agent is restricted to a certain limited scope of vision within the
specified parameter space. So, our agents live in a von Neumann neighborhood, where
the individual agent with vision x can see x patches in the four lattice directions: north,
south, east, and west. The individual values are uniformly distributed within the specified
parameter space. The restrictions on the vision are a form of imperfect information that
bound agent’s rationality.

The agent’s initial endowments of grain are randomly distributed over the parameter
space. It is calculated as sum of the individual metabolism rate per period and random
value out of the parameter space. In contrast to the patches maximum bearing capacity,
the turtle’s accumulation of the potential gathering surplus over its metabolism is
unrestricted. This supports the intellectual interpretation of the lattice insofar as the
agent’s “mobility” is not affected by the size of its stock.

To study the distribution of wealth we need to impose another restriction on the
model. If we let agents lived forever, the only cause of death could be for starvation, i.e.
when the agent’s grain stock is smaller then his metabolism rate. Even though a
stationary wealth distribution can be achieved with eternally living agents (ref. 3.2.3), in
accordance with our realism principle we model finitely living agents by setting a life
span for the agents. The distribution is again uniform.

2.2 The Environment

The environmental space is a lattice where a grain stock indicating the current amount
of grain and a grain capacity being the maximum of the grain the patch can carry is
individually assigned to each patch. The capacity is set at the level of its initial
endowment. During the initialization process each patch depends on their neighbors’
capacity. On the lattice areas of higher (hills) and of lower concentration of grain
(valleys) are built. This structured altering could neither be reached through a randomized
process nor through equally distribution of grain capacity units over all the patches. Thus,
for the patches there is a spatial dimension of the lattice. Our scenario imposes highly
unequal conditions in terms of grain endowment of the neighboring patches on the initial
positioning of the agents. From the agent’s point of view the space is purely intellectual,
since moving on it does not cause any effort. However, insofar as the grain on a patch is
divided among the agents on that patch, if there is more than one turtle on the same patch,
a spatial dimension not between, but on the same patch reappears.

2.3 The Rules

There are different rules applying to the entities, agents and patches. The agent’s
movement rule tells to look around you as far as the respective individual vision permits;



identify the site having the greatest amount of grain. If several best patches appear,
choose the one that minimizes your turn to the right. Get the grain and take this position
as initial position for the next period.

The patches’ rule regulates the self-reproduction of the resources (grain) in the model.
At each patch the grain grows by 9 units per period up to the capacity of that patch.

Given that we have chosen finitely living agents we need to implement a rule for the
replacement of the agents. To abstract from population development as it is familiar to
the classical approach that implements effective demand instead. The replacement rule
generates a constant population by this mechanism: When an agent dies she is replaced
by an agent of age 0, random genetic endowments, random positioning on the grain
space, random initial endowment of grain, and a life span randomly chosen from the
specified range.

As we have mentioned above, the structure of the basic model is close to E&A’s
sugarscape model (op. cit. ch.2). They take the Gini coefficient as the measure of
inequality and find that their model can actually “grow” wealth inequality. Their results
show an increasing Gini coefficient as the agents interact in the artificial world. Their
stationary value seems to be around 0.5. They observe that this value is much lower that
what we can see looking at the statistics of the industrialized societies. They suggest that
adding agent’s rules for inheritance or trade could help the simulation results matching
closer with reality. Finally they observe that the skewed wealth distribution that emerge
form the simulation seems to be a “characteristic of heterogeneous agents extracting
resources from a landscape of fixed capacity” (op. cit. p.33). Their epistemological goal
for this kind of economic research is to reproduce macrostructures and not to explain
causal relations, they do not attempt to offer any explanation, neither of theoretical by
deciphering the very micro-mechanics behind their models nor plausible reasoning by
providing an economic reasonable explanation, of why such a micro specification
unequal wealth distribution. Only in a note they timidly observe that, “Agents having
wealth above the mean have both high vision and low metabolism. In order to become
one of the very wealthiest agents one might be born high on the sugarscape® and live a
long life” (op. cit. note 20, p.33). As E&A’s computer program is not obtainable, their
data are not tractable, but the story sounds like the worldly wisdom of supportive forces:
parental home, best education, thrifty life-style and ripe old age.

The goal of our work is on the one hand, to test the robustness of the model for various
parameter specifications and to evaluate the validity of E&A’s story. Out of the four
reasons they mention we concentrate on vision. Furthermore we try to enrich the model
by adding new behavioral rules as inheritance and discuss the Gini coefficient as a valid
summary statistic to measure inequality. On the other hand, we try to link the
macrostructure we obtain to the micro world we construct. Likely, that this is not a smart
attempt, as these models are not invented to give explanations. But we regard it
interesting whether our knowledge of economic theory would allow us to reconcile the
algorithmic man with some kind of smart and updated version of the homo oeconomicus.
Furthermore, we believe that a good result in modeling complex dynamic systems
involve, at least, the capacity of knowing the effects of the control variables on the state
variables; E&A don’t seem to be worried about this requirement

% To born high on the sugarscape means, to born in a patch of many resources.



3 Description of the Grainscape Model

3.1 Parameterization of Environment and Agents

Since we are not dealing with an analytically tractable model, quantitative methods
suggest applying Monte Carlo processes to explore the model in a reliable and robust
way. The model has seven parameters to be modified each representing one dimension. A
parameter space is recommended for every parameter: number of turtle [1, 1000], vision
[1, 50], metabolism [1, 25], growth rate [1, 10], growth quantity [1, 10], percentage share
of best land [1, 25], and the minimum and maximum ages [I, 100].
Calculating the total number of different possibilities for the model we use the formula:

no(runs) = no(reiterations) * Hincremental __Steps _ per _ parameter

Thereby we obtain 1,057,343,750,000,000 possible parameterizations of the model. Since
each run is not deductively derived from these initial settings, but influenced by many
stochastic processes each parameterization should be run more than once. If we ran each
parameterization 20 times in order to approximate the normal distribution and each run
takes about 30 minutes, exploring the model in this diligent manner would take us about
1,206,187,257,586 years; this is more than 100 times the estimated age of the universe.
Viewed from this approach, the task of analyzing the model looks overwhelming.

This hurdle can be cleared by two different approaches. The synthetic approach allows
just playing around with all the parameters in an arbitrary way to get a certain result, e.g.
wealth equality. From this state one could investigate the sensitiveness on the
parameterization. We try to model an equal distribution following that track and find that
inequality is caused by the unequal initial endowment, the positioning on an unequal
landscape, the unequal rate of metabolism, and the unequal degree of vision. But even the
equalization of all these parameters cannot give rise to equality as long as the turtles have
different ages. Older turtles just had more time for the gathering of grain than the younger
ones. By simultanizing the age over all the turtles we achieve equality but with a
significant lack of reality.

The realistic approach however finds an escape in reality. All the parameters are to be
specified at a level that is adequate by analogy with a realistic assessment of the state of
the social world. We study some causal mechanisms by varying only the vision parameter
and observing the development over time. The benchmarks of that realism are the total
amount of grain available, the fading out of special generation effects, initial wealth, and
divergence in vision. We have chosen the parameters as following: best land = 23, growth
rate = 1, growth quantity = 9, number of turtles = 217, vision [1, 50], age minimum = 45,
age maximum = 83, metabolism = [1, 2].

With the setting of the age parameters (min = 45, max = 83) the theoretical average
life expectancy, irrespectable of starvations, is 64. This age structure deviates from social
demography, in that first the arithmetic mean in reality is quite close to the mode, while
in the model all values have the same theoretical frequency, and that second the model
lacks death besides starvation before 45. The setting of the vision, metabolism, and the
technical parameters will be discussed in detail.



Since robustness of the model in a strict sense is not achievable in the time we had, we
have chosen a practical rule: We run the model with a certain parameter a few times and
take the mean value of those runs. The variation coefficient is < 2.5% over all runs and
time segments, thus negligible and outliers appear only in the early periods. If the results
appeared to be ambiguous we ran the parameterization more often. Following this rule,
our dataset is mostly based on less than twenty reiterations of the same setting.

3.2 Exploration

3.2.1 The Notion of Vision

The notion of vision could somehow be misleading. There is nothing like foresight in
the agent’s behavior. No agent can look beyond the current period. Even more, the
behavior of the others during the same period is not at all taken into account. This could
come up as a kind of malicious penalty for the agents with high vision, as we have
mentioned already. In this aspect, the model we discuss deviates from the E&A model,
that is not available as an computer code, as their model prevents any patch from being
occupied by more than one turtle bringing with it the violation of a strict
simultaneousness of the turtles actions within a period, when turtles act one after another.
E&A try to correct this through employing a stochastic order of taking action within each
period.

But, what does it mean to endow an agent with vision from one to 50. The landscape
is 41 patches square. The respective turtle standing on one patch sees all patches that are
principally visible from this angle, if its vision is 20. Further increasing the maximum
vision therefore does not make the most skilled turtle seeing more, but still elevates the
average level of vision among the population, since more will be endowed with vision 20
or higher. This effect is demonstrated in the graphs on the richest and the average turtle’s
wealth when we research on inequality in absolute terms.

3.2.2 Initial Wealth and Metabolism

Dealing with the initial wealth we face the following problems. Wealth is what a turtle
accumulates over its life span without metabolizing it. Metabolism is an exogenous
restriction not interacting with the turtle’s activity, skills or income. In economic terms,
consumption is inelastic to changes of income. The higher the metabolism parameter the
more difficulties the turtle have to survive until its predefined date of death. Since the
turtle’s behavior and genetics are not affected by the kind of death of its parent, we try to
reduce the influence of this exogenous parameter to explore the endogenous mechanisms.
In our approach the metabolism is only slightly influenced by the initial wealth.
Especially with a low rate of metabolism, the initial wealth has to be low in relation to the
wealth acquired during the life span for the dynamics to make sense. If the turtle’s initial
endowment would be too high the wealth of the individual turtle, and its ranking in the
social distribution, would mostly be independent of the other parameters (vision, initial
positioning). We show this result in run visO7_01. Therefore we have rather distributed
the grain on the environment (“fruitful patches”), than allocated to the turtles (low initial
endowment), enabling an easy survival by gathering.

10



3.2.3 Production Parameters fixed

The technical situation affects the turtles’ behavior. If the “mobility” of the agents is
high (high vision parameter), then the more dire their situation is, i.e. the slower the
patches regain their capacity level of grain, the more they apply their ability to “move”.
So the turtle’s behavior depends on the technical structure of the landscape. In this
perspective the best land parameter makes the next best piece of land more distant on the
average and the “growth rate” makes the agents leaving their fertile (in terms of
potentially, but not actually rich since they have already “grazed” it) area to search for
another accumulation of resources while the patches they are on are just growing again.

The technical parameters (best land =23, growth rate =1, growth quantity =9, number
of turtles=217) are set in order to obtain a sufficient product. With this setting, 38.7% of
the hypothetical amount of grain that is available if the best land parameter was 100%, is
distributed over the patches. The model is constructed and modified for analyzing wealth
distribution. Our idea is to abstract from varying the technical parameters in order to
endow the landscape with a given total amount of grain. This abstraction leaves our
model suited for a classical analysis even though the abstraction might be too clear-cut in
a way as the amount of resources strongly influences the development. The effect of
these technical parameters ruling the amount of resources on inequality is outlined below.

Lacking the exclusiveness of access to the patches by only one turtle, the question is
whether the greater vision could generate a kind of rational clustering, rational insofar as
the turtles are applying their rule correctly. But could that lack of exclusiveness bring
forth turtles’ concentration on a few very best patches? The graph “efficiency of
harvesting vs. vision” shows that there is never an absolute scarcity of grain on the
patches in the setting we employ. Out of the total amount of this maximum capacity, at
least 80% are available on the landscape at the end of the 1148™ period after the harvest
and before growing again in the next period has passed by. Since this initial assignment is
generated by random mechanism and changing with a variance of 2% over the runs, the
lower line (“real of potential”) expresses the relation to a total hypothetical capacity if
every patch had the maximum grain capacity of 50 units. The initial assignment left the
patches on average with 38.7% of the potential capacity of the landscape.
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efficiency of harvesting vs. vision
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3.2.4 Spatial Concentration

To assess the sufficiency of the size of the landscape in relation to the number of
turtles we have to analyze the relation between the available and the used space. Keeping
in mind that 217 turtles are moving around and 1681 patches are accessible, of which
387, i.e. 23%, have maximum capacity, can we see the turtles using the space they are
offered efficiently? By this, we also study the effect of the rule that is offering multiple
accesses to the patches, since the exclusivity rule prevents turtles from clustering. If there
is only a small amount of wealth, increased vision could become a burden when each
turtle cannot predict the behavior of the others and anticipate in their decision rule to get
50 units of grain, but get only one if 50 turtles would have made the same calculation. To
contain the influence of this effect, the concept of bounded rationality as incorporated in
the von-Neumann-neighborhood has proofed being sufficient.
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In the table ”concentration on patches vs. vision” we see that the clustering of turtles
on patches decreases with a higher degree of vision. At vision 1 almost no turtle is alone
on its patch and about 77% are together with more than 5 others on their patch. So the
turtles are by no mean, spread out over the huge landscape. This concentration on only a
few patches decreases a lot as vision is increased, but it does not disappear. This
phenomenon is confirmed in by the graph “turtles’ concentration vs. degree of vision”
from the perspective of the populated patches indicating how many turtles are on the
average on the populated patches.
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turtles' concentration v. degree of vision
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From the perspective of all patches the percentage of the populated patches
increases from 2% at vision 2 to more than 10% at vision 50.
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It requires further research to clarify why and how the clustering of the turtles
increases with lower vision. With many starvations the initial positioning that
works randomly becomes more influential. This should counteract the forces
driving the turtles together.

3.2.5 Fading of the Generation Effect

All turtles start at the beginning of an experiment with the initial age of zero. Besides
starving the turtles don’t die before 45 and not later than 82. Thus there is a huge wave of
turtle at the same age. This is only blurred over time due to starving and divergent
stochastic resetting. When is this generation effect artificially induced by equal initial age
of all turtles leveled out? By answering this question we determine the minimum duration
of a run.

We have picked a special age segment for the whole. Encompassing the shortest
range while the overall population remains constant, the age segment below twenty years
is especially volatile in comparison to the age segments below 40 or below 60. The
analysis of the table “variance of the age class below 20 over time” indicates that the
initial generation wave does not fade out before 300 periods have passed by. Even then
we cannot claim that the variance has disappeared. So, the age structure does not become
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stable within the time range analyzed here. One special run has shown that this does not
change over the first 10000 runs also. With 1148 periods the duration of our experiments
can be regarded as sufficient from this point of view.
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We have faced the problem that reproduction in this model in no way depends on the
previous generations. Far from Malthus’ demographic assumptions, the population and
the wealth are not connected at all. If the agents are very rich they do not produce a larger
offspring. The same is true for dire conditions of life. Since the agent is always
automatically reproduced and always receives an initial endowment, it is independent of
the wealth of their one “parent” (homozygous). But this one parent only initiates the birth
of the offspring as it dies by age or starvation, the offspring’s geno- and phenotype are
totally independent of it. Analyzing distribution in a stable environment for our
parameterization to make sense, we have to assure that there is no a hidden stabilizing
force ruling the roost. As this reproduction rule is pretty strong we have introduced
starvation indicators to demonstrate the reliance on this strong exogenous stabilizer. We
employed this indicator as a threshold to the interpretability of the experiments.

E&A distinguish two steps of experiment. In the first step they determine the carrying
capacity of the landscape. How many turtles can reach their predetermined age of death?
They set the initial population at this level and proceed to the second step of exploring the
influence of the parameters.
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The graph displays that starving occurs only with a low vision parameter. Then the
turtle is mostly dependent on the fertility of the patch where it has been set initially by
random. They cannot escape from a dire area since they do not “see” richer ones.
Remember that the grain is not totally randomly distributed but clustered over the
landscape. By increasing the vision parameter (i.e. the average and the maximum)
starvations vanish almost completely from the vision level of 7 upwards. At this level
only 0.07% of approximately 3900 deaths during one run are caused by starving. At the
level of 1 and 2 the dynamical process relies pretty strong on the reproduction after
starving with 41% and 34% of all deaths.

This exogenous force substitutes turtles with low wealth on stony patches by young
ones with low wealth at patches of different quality. At first, this is causing a
concentration through selection by the landscape on better patches, since turtles on these
patches live longer. Secondly, as the real life expectancy decreases, being the most
important parameter for the accumulation of wealth, the average wealth per turtle should
decrease. Finally, the results at high starving rates are less interesting since the relative
influence of all the other parameters has been reduced by the overpowering influence of
this exogenous force.

3.3 Relative Inequality

Conceptualizing inequality we have employed the Gini coefficient as a measurement
of relative inequality. The Gini coefficient has been criticized for not being equally
sensitive to redistributions at different scales. But transfers from a richer to a poorer
woman always reduce it. Describing the relative inequality in a country, we would have
preferred the Lorenz curve. The Lorenz curve is more accurate in the description of
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inequality as it does not imply assumptions on the interpersonal comparison. Two Lorenz
curves can intersect when the lower class as well as the middle class is larger in one
country, but the Gini coefficient could still be the same regardless this difference.
Eventually, we have used the Gini since the comparison of just one index number for all
the different societies and class structures is possible along one yardstick within this
concept. Since the calculation of the Gini coefficient implies a complex computational
procedure, we have calculated it only for every fifth period. Therefore concerning the
Gini we are not comparing averaged data from all the periods but just a sample of it.

3.3.1 Emerging Inequality

E&A’s emerging inequality can be explained quite easily in our model. Starting with
the opposite, a very successful way of creating an equal distribution is to model a
homogenous age structure over all the turtles, since the time turtles have for gathering is
what makes them rich. So, if all the turtles are young at the same time, they are all poor,
but relatively equally poor. As they become older they get richer, again likewise. This
mechanism is demonstrated in the graph below analyzing the age structure in relation to
vision and through time. Each color indicates a certain period of time within the 1148
periods, e.g. the pink square the first 48 periods. Three lines for the early periods indicate
this special effect at the beginning. As we gradually avoid starvations the share of turtles
older than 20 decreases as vision increases. This effect diminishes as the starvation
diminishes (see diagram on starvations). The age structure does not converge to a specific
share, but oscillates within limits.

population below 20 years v. degree of vision
50%
£ 45% -
ETU0 108 g!g!g!! % g % 3 4 4 4 g
- T+
2 35% |~
2R Toigwesy x ¥ 8 0x 8 0§ % 3
© 30% { T-="-T. E - e - e - - T
S 25% -
v
20% I I I I
0 10 20 30 40 50
vision (in units)
& total m1-48 49-548 549-1148 X 1-50 @51-100 +101-150 =151-200 201-250 251-300 301-35
351-400 401-450 451-500 501-550 551-600 =601-650 651-700 701-750 751-800 801-850 % 851-90
X901-950 951-1000 +1001-1050 =1051-1100 =1101-1148

18



From this explanation it should be possible to link at least the inequality of the initial
100 periods to the age structure. From this it becomes clear that avoiding systematic
influences from the age structure is crucial. All generations should be more or less
equally sized.

3.3.2 Resources & Inequality

Total resources and inequality are inversely correlated at least for poor landscapes. It
can be shown that with small amounts of grain available on the patches, the relative
inequality in terms of the Gini coefficient is very small. But then most turtles die by
starvation and the relative equality is reached by preventing turtles from accumulation
and just comparing their initial endowments, the rule of reproduction is stabilizing the
distribution.

3.3.3 Vision & Inequality

Wealth is predominantly based on the age of the turtle. A view into some final states
after 1148 periods showed the ten richest turtles with an average age of 66, while the
average age of the total population was only 33. Complementarily, the average vision of
the ten richest turtles was 13, while it was 26 for the total average. But neglecting this
obvious fact that is observable in the real world also, we have studied whether we could
identify any relationship between the degree of vision and inequality.

Looking just at the final Gini of our model with a reasonable parameter space from 1
to 20, provides us with Gini values from 30% to 33% for wealth. Comparing these data
with the real world Gini coefficients for the distribution of income from the World
Bank’s statistics about world development indicators, sets our model into a cluster of
many countries: Canada 31.5, France 32.7, Germany 30.0, Greece 32.7, Indonesia 31.7,
Rep. Korea 31.6, Latvia 32.4, Lithuania 32.4, Netherlands 32.6, Pakistan 31.2, Poland
31.6, Spain 32.5. According to Steindl in the New Palgrave, the range is larger for wealth
than for income.
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Returning to our comparative-static analysis of the influence of the vision parameter,
following the abscissa of the graph “Gini vs. degree of vision” we notice that the pink
cross referring to the average of the first 50 periods when the age of the turtles is almost
equal is significantly lower. The pink square describing the average of the first 150
periods still is significantly lower than the averages over all the other periods. The initial
effects have mostly faded out from period 150 upwards.

While this Gini in general is decreasing the higher the vision, the maximum value is
not 1, but 2 or 3. With vision 1 all turtles have the same vision, i.e. just deciding on the
four neighboring patches from where to grasp the most grain. At this stage there is no
difference in vision among the turtles. At level two the relative inequality is largest since
then no turtle has the average vision, but all are situated either at the upper (i.e. 2) or at
the lower (i.e. 1) end. This extreme distribution at both ends of the range is blurred more
and more. As the absolute range is increased, the relative concentration at the arithmetic
mean increases, the extreme values still appear, but their relative weight decreases in the
uniformly distributed range. As the vision increases above 20, more and more turtles
have the highest vision applicable on that landscape and the Gini coefficient returns to the
value it had when all turtles are equally endowed with vision 1.

3.3.4 Scenarios of Inheritance

The effects of introducing inheritance into the model depend on the notion of
inheritance. The evolutionary biologist would claim that what matters is the inheritance
of vision. For an economist the inheritance of wealth is at the focus too. Therefore we
have distinguished between different kinds of inheritance. We have carried out different
scenarios of inheritance and compared them always to the standard case that is described

20




above. In further studies all these scenarios can be explored to the degree of thoroughness
reached in the standard scenario. We have simply made numerical comparisons of several
samples from each setting, to claim whether the result has changed in comparison to the
standard scenario and, if it has changed, in which direction.

At the beginning we could prove inter-generational wealth connections by observing a
reduced Gini when we just let the child be born where its parent has died. This remains to
be confirmed by an analysis of the turtles’ behavior on the space. If the turtles inherited
all states from their parent the Gini was a little bit lower, which mainly should be
assigned to the generational wealth-site transmission effect since besides that, the
individual turtles are virtually immortal as they inherit every state from their parents.
Thereby, the initial random endowment and setting stays with each individual. The
inequality in the absolute terms of range has increased but the relative inequality has not
changed a lot.

Setting all parameters as inherited besides the vision parameter causes the Gini to be
mostly smaller. This demonstrates the effect mentioned above that higher vision reduces
inequality. From this perspective what only matters is that vision has any effect. While
this effect leads the turtle with higher vision to higher wealth that it inherits, it is
equalized in the long-term when every turtle has gathered with high as well as with low
degrees of vision over the 1148 periods.

If only grain or only vision is inherited the effect on the Gini is mixed at the reduced
level of robustness we had to choose. We had hoped for a reduction of the Gini since all
tools that can counteract the dominant age structure effect should reduce the relative
inequality.

If grain and vision are inherited at low vision the inequality of wealth is increased,
while at a higher degree (from vision 30 onwards) the inequality decreases rapidly and
the Gini is at least a third smaller than in the standard case of reference.

3.4 Absolute Inequality
After analyzing the relative inequality we proceed to see whether the absolute

inequality in terms of the range between the richest and the poorest turtle is affected by
different degrees of vision.
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richest turtle's wealth v. degree of vision
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First, it can be stated again that the wealth depends on the duration of the process. For
the initial 50 periods the richest turtle owns much less. Since all turtles begin only with a
small amount of wealth, the pink dots for the first periods are generally on a lower level.
Except for the vision of one, one cannot generally claim that the higher the vision
parameter (i.e. the average and maximal vision), the higher is also the maximal wealth.
The standard deviation also is independent of the degree of vision. It remains to be
explored why in this case the maximum wealth does not increase from vision 2 to vision
20, when a few turtles are endowed with additional aims to gather grain from. From
vision 20, sight does not reach additional patches as all are already seen with 20.
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poorest turtle's wealth v. degree of vision

160
140 | v
120 - %

100 .
L
80 { ey

]
>
]
>a——

min wealth

20

|

R
k£
£ 4
E 24
4o

n

P
-1 K

B

0 10 20 30 40 50
vision

@ total W48 49-548 549-1148 X 1-50 @51-100  +101-150  m151-200 201-250 251-300 301-350 351-400 401-450 451-500 501-550

551-600  m601-650 651-700 701-750 751-800 801-850  >(851-900 X 901-950 951-1000 4 1001-1050 m1051-1100 mm1101-1148

On the opposite, the minimum value increases from 1 to 10. That could reflect the
fewer starvations since usually the turtles starving are even poorer than the one just
entering the landscape. Interestingly, the strongest influence of vision can be found at the
minimum value for the first 50 periods. The increasing minimum value with the
maximum value remaining almost constant indicates a reduced inequality in terms of the
absolute range.
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The graph on the average turtle’s wealth assuming a constant population, expresses the
development of the GDP in the turtle’s bags also, illustrates the strongest positive
influence of increasing vision.

3.5 Power Law

More in line with the synthetic approach we try to model a Pareto- or power law in our
model. Pareto originally has identified this relationship with the logarithm of the
households on the ordinate and the logarithms of the income on the abscissa. He has
found that this relationship can be described by

log x = a - a log y or without logarithms x = ay™, where x is the number of households,

at the minimum income and y the level of income. For him o was quasi-naturally given
as 1.5. While the value of a has changed over time and between countries in a range from
1 to 3, empirical distributions often conform with this law.

Purely relying on graphics, we have integrated a schedule drawing the logarithmic
relation of turtles and wealth in Netlogo in order to identify whether we can generate a
power law in Netlogo. The basic requirements to draw a distribution of wealth as a power
law are a strongly unequal distribution with high values for the upper end not breaking
down. The criteria for the power law are to see a flat line and not a concave one that
would represent equality and a minimum value of wealth.

We present four different plots of distribution in order to identify a power law. The
first plot is generated with vision 1, the second with vision 2, the third with vision 4 and
the fourth with vision 50. As in Pareto’s original analysis we have found that a power
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law, if we can identify one, does not intersect with the y-axis (ordinate) but keeps distant
from it indicating a minimum value of wealth. As we have already seen, the inequality
increases from 1 to 2 and decreases to 50. Thus the power law thesis can be supported
only by the first two cases. And for all cases the values with high wealth are rare. The
slope for the first two cases is about —1, which would indicate a Zipf law indicating a
distribution even more unequal than Pareto’s original.
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pareto law with vision 4
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4. Conclusion

We have illustrated how the agent-based modeling approach addresses eminent
problems of classical as well as neo-classical theory. It combines the methodological
individualist approach with local disequilibria and heterogeneous agents in order to better
approximate reality. Avoiding ambiguous suggestions we thoroughly evaluated and
explored the mechanism and implications of our model and controlled the sensitivity of
the parameters. Then, we carefully analyzed to what extent analogies with the real world
could be built. Abstracting from technical and demographic parameters our realist
approach enabled us applying Monte-Carlo methods within a reasonable range in order to
investigate the impact of agents’ skills. For the synthetic, as well as the realistic,
approach we obtained interesting dynamics of inequality in the simulated model of
wealth distribution. We have analyzed some causal links between the rules and
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parameters on the one side and the results on the other side. In this way, we could explain
some results in terms of the mechanisms generating them instead of just admiring an
“emergent structure”.

Although vision (representing agents’ skills in real-world economies) is not the most
important factor causing inequality we could link the varying setting of the vision
parameter to different results in terms of inequality. The analysis of relative inequality as
measured by the Gini coefficient proved an inverse correlation between the average
degree of vision, that is less polarized as the average increases, and inequality as
measured by the Gini coefficient. For the matter of absolute inequality (wealth difference
between the richest and the poorest agent) higher vision increases the wealth of the
poorest and of the arithmetical average agent, because the total amount of grain gathered
rises with higher vision. When we introduce inheritance in the model we observe
different effects on agents’ wealth distribution and concentration depending on which
features were inherited. Through inheriting the site the parent has moved to and died, we
could prove (but with some qualifications and problems) inter-generational wealth
connections and even observed a slightly reduced Gini. If only grain (initial wealth) or
only vision is inherited the effect on the Gini is mixed at the reduced level of robustness
we had to choose. If grain and vision are inherited at low vision the inequality of wealth
is increased, while at a higher degree (from vision 30 onwards) the inequality decreases
rapidly and the Gini is at least a third smaller than in the standard case of reference. This
is explained by the higher average degree of vision and a huge vision upper-class above
20 while only a few remain below. Finally, Power laws, as a typical feature of social
wealth distribution, could not be generated as the rich agents, in the absence of any non-
wage income, could not accumulate the amount of wealth required for Power laws.
Alternatively the wage gap that is theoretically 1/50 in our model had to be widened
violating the realist principle for most of the economies.

Some authors have claimed that this kind of computer program is mainly designed for
pedagogical purposes. To them we admit that we have been surprised quite often by the
results we got with a certain parameterization. Using Netlogo has led our intuitive ex ante
assumptions to an ex post interpretative understanding of the experiments. Nevertheless,
this paper represent only an initial attempt to improve the existing agent-based model of
wealth by Axtell and Epstein, adding computational robustness and economic intuitions
(i.e. inheritance).
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