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Abstract: In a bottom-up approach, agent-based models have been extensively used in finance and
economics in order to understand how macro-level phenomena can emerge from myriads of micro-level
behaviours of individual agents. Moreover, in the absence of (big) data there is still the need to test
economic theories and understand how macro-level laws can be materialized as the aggregate of a
multitude of interactions of discrete agents. We exemplify how we can solve this problem in a particular
instance: We introduce an agent-based method in order to generate data with Monte Carlo and then
we interpolate the data with machine learning methods in order to derive multi-parametric demand
functions. In particular, the model we construct is implemented in a simulated economy with 1000
consumers and two products, where each consumer is characterized by a unique set of preferences and
available income. The demand for each product is determined by a stochastic process, incorporating the
uncertainty in consumer preferences. By interpolating the data for the demands for various scenarios
and types of consumers we derive poly-parametric demand functions. These demand functions are
partially in tension with classical demand theory since on certain occasions they imply that the demand
of a product increases as its price increases. Our proposed method of generating data from discrete
agents with Monte Carlo and of interpolating the data with machine learning methods can be easily
generalized and applied to the assessment of economic theories and to the derivation of economic laws
in a bottom-up approach.

Keywords: agent−based modeling; simulation algorithm ; machine learning; polyparametric demand
functions; heterogeneity
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1. Introduction

In this paper we generate data for discrete agents-consumers by using Monte Carlo and then we
interpolate the data by using machine learning methods in order to derive multi-parametric demand
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functions. Our method of generating realistic data and of drawing useful conclusions from them by
interpolating them with machine learning methods has been advocated by other researchers (Simudyne,
2023) in a different context. Generating data can be useful or even necessary in a variety of occasions,
e.g., when the real data are not available or when they are sparse. We need data in order to test economic
theories or in order to derive economic laws in a bottom-up agent-based approach.

Agent-based models (ABM) have been extensively used in finance and economics (Bonabeau, 2002;
Macal and North, 2005; Epstein, 2006; Tesfatsion, 2006; Tesfatsion and Judd, 2006; Buchanan, 2009;
Farmer and Foley, 2009; Hamill and Gilbert, 2015). A salient feature of agent-based models is that
the aggregate level is not explicitly pre-specified but rather it emerges from the myriad of interactions
between the agents. This multiplicity of interactions gives rise to a large amount of complexity that can
be manifested in many forms including path-dependence, difficulty of prediction, and qualities that are
not analytically tractable from system components and their attributes alone.

In a series of papers Tsiatsios et al., (2022), Tsiatsios et al., (2023a), Tsiatsios et al., (2023b), we have
used agent based models to explore different aspects of consumer demand, consumer choice and firm
dynamics. In Tsiatsios et al., (2022), we study the problem of consumer demand between commodities
in the framework of agent-based modeling and simulation. In Tsiatsios et al., (2023a), we combine
rational consumer theory, Markov processes, and agent-based approach to model consumer behavior
and to gain a deeper understanding of how consumers make choices and how those choices impact
the economy. In Tsiatsios et al., (2023b), we use an agent-based model in order to study a dynamic
distribution of firms in a closed (supply) economy.

In our proposed model we assume that the agents-consumers are bounded rational and we study
how consumer choice shapes demand from an agent-based point of view. In a serial stochastic manner,
which constitutes a Markov process, the consumers, by using a stochastic utility function, choose either
of two goods until their budget is exhausted. We so obtain data for the demand of the two goods for
various consumers. We then interpolate the data by using Gaussian process interpolation and we derive
poly-parametric demand functions.

Therefore, our model touches upon fundamental notions such as consumer choice, bounded rationality
of consumers, stochastic utility models, discrete choice modelling and Markov processes. The relevant
literature on these notions is very extensive. We give just a few references for each one of them.
Consumer choice and behaviour has many aspects and has been studied in many of its facets and
scales (Zhong, 2020; Predelus and Amine, 2022; Maravilha et al., 2022; Peña, 2020). The traditional
economic theory assumes consumers as perfectly rational beings (Varian, 2014). On the other hand
bounded rationality (Simon, 1955; McFadden, 1974; Varian, 2014; Kahneman 2003, Thaler 2015)
leads to sub-optimal but satisfactory outcomes. Stochastic utility models account for the uncertainty
and unpredictability in consumer preferences (McFadden, 1974; Arrow 1971). The discrete choice
modeling, where consumers choose from a finite set of alternatives, has been a fundamental approach
in consumer behavior research (McFadden, 1974). Markov processes (Ehrenberg, 1988; Seetharaman,
2004) allow for the introduction of stochastic elements, capturing the uncertainty in consumer behavior
over time.

The methological research scheme put forward in this paper-generate data for the agents in an
agent-based model by using Monte Carlo and then interpolate the data by using machine learning
methods-can be used in finance and economics in order to test theories and/or in order to derive laws and
relations with the agent-based bottom-up approach. This has been also emphasized in Simudyne, (2023)
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where the usefulness of the scheme is proposed for the bank sector. Using ABM, banks can enhance
the realism of their simulations to account for feedback loops, unusual relationships between agents
and complex scenarios that include external factors such as climate impact or economic shocks. In
Battiston et al., (2016), it is discussed how complexity theory, particularly agent-based models, can be
applied to understand financial systems and inform financial regulation. Axtell, Farmer (2022), a vision
is presented for how ABMs might be used in the future to build more realistic models of the economy
and review some of hurdles that must be overcome to achieve this. In Turell (2016), the importance of
agent-based models as a tool for both understanding the economy, and for exploring the consequences
of policy actions is given. Moreover, two agent-based models developed by the bank of England for
two markets, corporate bonds and housing, are given. In Bookstaber (2017), it is demonstrated how
agent-based models move away from a focus on equilibrium, allowing non-ergodic dynamics that are
manifest during financial crises to emerge. In Grazzini and Richiardi (2015), a method is presented to
estimate agent-based models, bridging the gap between empirical data and simulations. In Mandel et al.,
(2015), the authors use agent-based models to study the interconnectedness of financial markets and to
understand how micro-level behaviors can lead to macro-level instabilities. In Thurner et al., (2012),
the role of leverage in financial markets is analysed, explaining phenomena like fat-tailed asset returns.
In Manout and Ciari (2021), the role of daily activities and mobility in the spread of COVID-19
is assessed with an agent-based approach. In Assenza et al., (2015), with a specific focus on the
roles of capital and credit in an economy, this paper delves into the emergent dynamics that arise
in an agent-based simulation. In Delli et al., (2010), the advantages of agent-based modeling in
macroeconomics is discussed.

In this paper we derive multi-parametric demand functions for stochastic consumer choice. The
importance of poly-parametric demand functions lies in their ability to capture the effects of various
factors on consumer demand, such as substitution and income effects, elasticity, and cross-price effects.
They can also be used to test various hypotheses and restrictions derived from consumer theory, such as
homogeneity, symmetry, and revealed preference.

We solve the problem of constructing multi-parametric demand functions in two steps: First, we
solve a stochastic optimization utility problem of consumer choice with budget constraint for various
types of consumers. The output is demand of goods for various scenarios and various consumer types.
Second, we interpolate these data with Gaussian process interpolation and we so derive polyparametric
demand functions.

Aggregate results are not a mere sum of its constituent parts. Emergent findings from our agent-
based model using multi-parametric demand functions are multi-faceted and offer new insights. For
instance, as the results of our interpolation show, (demand curve for product 2 in Figure 2), some
consumers may increase their demand for a product when its price increases, possibly due to the
perceived increase in quality or status associated with the product, a phenomenon known as the Veblen
effect. Moreover, unexpected impact of bounded rationality emerges in Figure 6 for product 1 where
contrary to expectations the demand for product 1 is maximized when the preferences for products 1
and 2 are nearly equal.

While research in estimating multi-parametric demand functions is extensive, the novel approach of
combining ABM, random utility models, and machine learning techniques to derive such functions is
unique. Machine learning, in particular, has seen increased use in economics due to its ability to handle
large data sets and model complex, non−linear relationships (Mullainathan, Spiess 2017).
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Our contribution to this existing body of literature is twofold. First, we uniquely integrate the
concepts of bounded rationality, ABM, Markov processes, and multiparametric demand functions
to model consumer behavior. Second, we introduce the use of Gaussian process interpolation, a
machine learning method, to aggregate data from individual agents, providing a novel method to derive
multiparametric demand functions. Through simulating a large number of consumer agents, we study
emergent patterns of consumer behavior at the macro level, providing fresh insights into how micro-level
behaviors can influence macro-level outcomes. This comprehensive approach offers a novel perspective
on understanding consumer decision-making processes and their impacts on the economy.

To summarize, the research objective of this paper is to present within the ABM a concise framework
which allows us to generate data by using Monte Carlo and then to interpolate the data by using machine
learning methods to obtain multi-parametric demand functions. The innovation/contribution of this
method, which as a general scheme has been proposed and used by other researchers (Simudyne, 2023)
in a different context, is that in the absence of big data it can provide the means so that economic
theories can be tested under various scenarios in various degrees of proximity to the anticipated real
data. In this paper we use this general framework in order to derive multi-parametric demand functions
of consumers with bounded rationality and study how the demand depends on various factors such as
the income of the consumers, the prices of the goods, the stochastic utility function of the consumers,
etc. Some of the features of the derived multi-parametric demand functions, such as the demand of a
good increases as its price increases, are in tension with the classical demand theory. Thus this data
driven agent-based scheme derives macro-level behaviour, the multi-parametric demand functions, by
aggregating the micro-level behaviour of myriads of consumers.

This paper is organized as follows: In Section 2 we give the general setup. In Section 3 we interpolate
the data we construct with Gaussian process interpolation and we present the results of the derived
simulations. These are multiparametric demand functions for which some of the parameters they depend
upon remain constant. In Section 4 we analyse the results of the simulations we derived in Section 3. In
Section 5 we give our conclusions and outline prospects for future research.

2. Model premises and model design

We give now the premises of our model and the model design.

2.1. Model premises

Modelling as usual involves assigning various mathematical objects, operations and frameworks to
the economic agents, processes and assumptions and transposes by subtraction the economic problem to
a mathematical problem. The validity of results obtained by this quantification is based in the following
assumptions and tools:

1. The choice set is discrete and selection within this set is realized by utilizing an appropriate
index. This process of choice is modeled by repeating a simple selection step and thus is sequen-
tial, as opposed to the standard “one-off” selection calculation through solving a constrained
optimization problem.
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2. The paper also addresses “bounded rationality” (Leijonhufvud 1996), in the modelling of agents
appearing in this study. A rational consumer is typically assumed to have complete information
about the goods and services available for purchase, as well as their own preferences and budget
constraints. The concept of “bounded rationality” recognizes that decision-makers, including
consumers and firms, are not perfectly rational and have limitations in their ability to process
information, make decisions, and optimize outcomes. Bounded rationality acknowledges that
individuals and organizations have limited cognitive abilities and limited information, and they
often use shortcuts, rules of thumb, and mental heuristics to make decisions that are satisfactory,
rather than optimal.

3. This paper follows agent-based modelling (ABM) where agents are individual entities with their
own characteristics, behaviors, and decision-making abilities. To link the micro-level behavior of
individual agents to macro-level outcomes, agent-based models often use bottom-up approaches.
This means that the model starts from the individual agent level and builds up to the macro level
by aggregating the interactions of many agents. The simulation tracks the behavior of individual
agents over time and updates the system state based on the interactions between agents. The result
is a macro-level description of the system that is generated from the behavior of individual agents.
In this way, agent-based models provide a way to explore how micro-level behavior can influence
macro-level outcomes, and how macro-level patterns can emerge from the bottom-up approach.
The results of agent-based models can be compared to macro-level data to validate the model and
to better understand the relationships between micro and macro levels.

4. By combining the concept of consumer behavior (Gary et al. 1991; Akerlof 2002; Kaplow 2008;
Reisch, Zhao 2017) with Markov processes (Anderson, Goodman 1957; Billingsley 1961; Barbu,
D’Amico, De Blasis 2017) and agent-based modeling, researchers can create more realistic models
of consumer behavior. The use of Markov processes allows for the introduction of stochastic
influence, capturing the uncertainty and unpredictability of consumer behavior over time.

In this approach, each consumer agent is modeled as an individual decision-maker with their own
preferences, goals, and constraints. By simulating the interactions of many consumer agents, the
aggregate behavior of consumers can be studied at the macro level. This provides a way to understand
the emergent patterns of consumer behavior and how they are influenced by individual and collective
decision-making.

Overall, this combination of rational consumer theory, Markov processes, and ABM provides a
powerful tool for modeling consumer behavior and for gaining a deeper understanding of how consumers
make choices and how those choices impact the economy.

2.2. Model design

Our model economy consists of 1000 consumers who are bounded rational. Each one of them is
characterised by a 12-component vector which gives their preferences, their income, as well as the prices
of the two available goods. Uncertainty in preferences and therefore bounded rationality is determined
by a random utility model. By aggregating the data for the 1000 consumers with machine learning
methods, we derive multiparametric demand functions and we thus arrive at a macro-level description
of the system that is generated from the behavior of individual agents. We thus provide a way to explore
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how micro-level behavior can influence macro-level outcomes.
Given the premises set out in subsection 2.1, the paper utilizes an agent-based model to construct

demand functions for consumers or groups of consumers. Specifically, the model consists of the
consumers and goods and each consumer is characterized by preferences and available income to spend.
Goods are characterized by prices. Uncertainty in preferences is determined by a random utility model.
In our case we use an exponential type of utility model with two parameters and utility sets determined
by two such functions, each of which is selected at every choice step randomly with probabilities (p,
1-p).

The utility function for the consumer is defined as:

u(x) =


∑x1

i=1 x3x1−i
4 if x1 > 0

0 otherwise
+


∑x2

j=1 x5x1− j
6 if x2 > 0

0 otherwise
(1)

The stochastic demand model works as follows:
Given a budget M, prices p1 and p2, and the utility function parameters a1, b1, a2, b2, p ∈ [0, 1], the

consumer iteratively decides between buying more of the first or the second good based on their utility
for each good.

At each step, the consumer generates a random number ω ∼ U(0, 1) and chooses the utility function
coefficients ai, bi based on whether ω > p or not. The consumer then calculates the additional utility of
buying one more unit of each good as:

∆u1 = u1(x1 + 1, x2) − u1(x1, x2) (2)

∆u2 = u2(x1, x2 + 1) − u2(x1, x2) (3)

For each consumer possessing a given bundle of goods represented by a vector x = (q1, q2, q3, . . . , qn)
the choice set S is the set of n vectors:

S =
{
(q1 + 1, q2, q3, . . . , qn), (q1, q2 + 1, q3, . . . , qn), ..., (q1, q2, q3, . . . , qn + 1)

}
.

The consumer chooses the good with the highest ratio of additional utility to price:

Good k = argmaxi∈{1,2}
∆ui

pi
(4)

This process is repeated until the consumer’s budget is exhausted.
The discrete choice is determined by the index (marginal utility)/price, taking into account that

marginal utility is calculated as a realization of a stochastic utility model. In the micro level given a
consumer of certain observable characteristics (i.e., available income and a random utility model for
each consumer and also a set of prices of the goods), a Monte Carlo simulation realizing the previously
described process can be done starting from the bundle (0, 0, . . . , 0), choosing sequentially a unit of
product to buy and repeating this until the money of consumer is exhausted. This determines a final vector
of demand (q1,q2,q3, . . . ,qn) for this consumer. This process can be repeated for various consumer groups.

The formation of demand from the multiplicity of consumers and goods of various preferences and
incomes leads to the emergence of a multi-parametric demand function, which relates the observable
characteristics of the consumers and prices of the goods to the demands of goods. This demand function
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can be constructed with various methods and in the case where the amount of data is big and relations
are nonlinear, machine learning methods are suitable. The demand prediction model is a random forest,
trained on a dataset of the form:

D = {( p⃗,M, a1, b1, a2, b2, p, x∗1, x
∗
2)}ni=1 (5)

In this paper, we the use Gaussian process interpolation model which predicts the demand for each
good, x∗1 and x∗2, as a function of the prices, budget, and utility function parameters.

3. Simulations

In our model economy we have a total of 1000 consumers and 2 products. Every consumer is
characterized by a 12 component state vector

(p1, p2,m, a1, b1, a2, b2, a3, b3, a4, b4, prob)T, (6)

where p1 and p2 are the prices of the 2 products, m is the money of the consumer, a1, b1 and a3, b3

determine the two utility functions of the first product, whereas a2, b2 and a4, b4 determine the two
utility functions of the second product. The component prob gives the probability of a1, b1 and a2, b2 to
make transition to a3, b3 and a4, b4, respectively, with a Markov chain process. By following the three
step programme which follows, we derive multiparametric demand functions. The first two steps are
materialized with a Monte Carlo simulation.

Step 1 If the current bundle of products is (q1, q2), the possibilities A(q1 + 1, q2) and B(q1, q2 + 1)
are evaluated by first choosing a utility among u1, u2 via the probability selection measure (p,1-p) and
calculating the ratio of marginal utility/price for the two possibilities A, B. The one with the highest
ratio is selected. The trajectory of optimal consumption terminates when the income of the consumer is
exhausted and the final bundle (q1, q2) defines the demand of the two products.

Step 2 An ensemble of 1000 consumers and prices is constructed. An ensemble of 1000 vectors is
constructed each of which contains the attributes of the consumer and prices of the 2 goods with the use
of a beta distribution so that we obtain heterogenous random consumers. Step 1 is applied and a demand
for the two products is calculated. This process gives rise to a data set which corresponds consumer
attributes and prices of goods to demand of goods.

Step 3 For the created set of data calculated in Step 2, Gaussian process interpolation is applied to
interpolate these data and create two demand functions, one for each product.

We give now some of the results of the simulations.
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Product 1 Product 2
Figure 1. Demand curves for products 1 and 2 for a consumerA.

In Figure 1, Product 1, the demand function for a consumerA of the product 1 as a function of its
price is given. The rest of the parameters are given by

(p2,m, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

(10, 1899, 0.292285, 1.05871, 0.100436, 1.12235,
0.321698, 1.58774, 0.496347, 1.53882, 0.176273)T . (7)

In Figure 1, Product 2, the demand function for a consumerA of the product 2 as a function of its
price is given. The rest of the parameters are given by

(p1,m, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

(2, 1899, 0.292285, 1.05871, 0.100436, 1.12235,
0.321698, 1.58774, 0.496347, 1.53882, 0.176273)T . (8)

Product 1 Product 2
Figure 2. Demand curves for products 1 and 2 for a consumer B.
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In Figure 2, Product 1, the demand function for a consumer B of the product 1 as a function of its
price is given. The rest of the parameters are given by

(p2,m, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

(7, 924, 0.205183, 1.28338, 0.410497, 1.24444,
0.605611, 1.36808, 0.448373, 1.73304, 0.240323)T . (9)

In Figure 2, Product 2, the demand function for a consumer B of the product 2 as a function of its
price is given. The rest of the parameters are given by

(p1,m, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

(2, 924, 0.205183, 1.28338, 0.410497, 1.24444,
0.605611, 1.36808, 0.448373, 1.73304, 0.240323)T . (10)

Product 1 Product 2
Figure 3. Demand curves for products 1 and 2 for a consumerAprob as a function of price
and probability.

In Figure 3, Product 1, the demand function of product 1 for a consumerAprob as a function of its
price and the probability of transition in the Markov chain process is given. The rest of the parameters
are given by

(p2,m, a1, b1, a2, b2, a3, b3, a4, b4)T =

(10, 1899, 0.292285, 1.05871, 0.100436,
1.12235, 0.321698, 1.58774, 0.496347, 1.53882)T . (11)

In Figure 3, Product 2, the demand function for a consumerAprob of product 2 as a function of its
price and the probability of transition in the Markov chain process is given. The rest of the parameters
are given by
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(p1,m, a1, b1, a2, b2, a3, b3, a4, b4)T =

(2, 1899, 0.292285, 1.05871, 0.100436,
1.12235, 0.321698, 1.58774, 0.496347, 1.53882)T . (12)

Product 1 Product 2
Figure 4. Demand curves for products 1 and 2 for a consumer Bprob as a function of price and
probability.

In Figure 4, Product 1, the demand function of the product 1 for a consumer Bprob as a function of its
price and the probability of transition in the Markov chain process is given. The rest of the parameters
are given by

(p2,m, a1, b1, a2, b2, a3, b3, a4, b4)T =

(7, 924, 0.205183, 1.28338, 0.410497,
1.24444, 0.605611, 1.36808, 0.448373, 1.73304)T . (13)

In Figure 4, Product 2, the demand function for a consumer Bprob of the product 2 as a function of its
price and the probability of transition in the Markov chain process is given. The rest of the parameters
are given by

(p1,m, a1, b1, a2, b2, a3, b3, a4, b4)T =

(2, 924, 0.205183, 1.28338, 0.410497,
1.24444, 0.605611, 1.36808, 0.448373, 1.73304)T . (14)
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Product 1 Product 2
Figure 5. Demand curves for products 1 and 2 for a consumer Aprob,money as a function of
probability and money.

In Figure 5, Product 1, the demand function of product 1 for a consumerAprob,money as a function of
the money of the consumer and the probability of transition in the Markov chain process is given. The
rest of the parameters are given by

(p1, p2, a1, b1, a2, b2, a3, b3, a4, b4)T =

(2, 10, 0.292285, 1.05871, 0.100436,
1.12235, 0.321698, 1.58774, 0.496347, 1.53882)T . (15)

In Figure 5, Product 2, the demand function for a consumerAprob,money of the product 2 as a function
of the money of the consumer and the probability of transition in the Markov chain process is given.
The rest of the parameters are given by

(p1, p2, a1, b1, a2, b2, a3, b3, a4, b4)T =

(2, 1899, 0.292285, 1.05871, 0.100436,
1.12235, 0.321698, 1.58774, 0.496347, 1.53882)T . (16)

In Figure 6, Product 1, the demand function of product 1 for a consumer Bprob,money as a function of
the money of the consumer and the probability of transition in the Markov chain process is given. The
rest of the parameters are given by

(p1, p2, a1, b1, a2, b2, a3, b3, a4, b4)T =

(7, 924, 0.205183, 1.28338, 0.410497,
1.24444, 0.605611, 1.36808, 0.448373, 1.73304)T . (17)
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Product 1 Product 2
Figure 6. Demand curves for products 1 and 2 for a consumer Bprob,money as a function of
money and probability.

In Figure 6, Product 2, the demand function for a consumer Bprob,money of product 2 as a function of
the money of the consumer and the probability of transition in the Markov chain process is given. The
rest of the parameters are given by

(p1, p2, a1, b1, a2, b2, a3, b3, a4, b4)T =

(2, 924, 0.205183, 1.28338, 0.410497,
1.24444, 0.605611, 1.36808, 0.448373, 1.73304)T . (18)

Product 1 Product 2
Figure 7. Demand curves for products 1 and 2 for a consumerAmoney as a function of money.
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In Figure 7, Product 1, the demand function of product 1 for a consumerAmoney as a function of the
money of the consumer is given. The rest of the parameters are given by

(p2, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

10, 0.292285, 1.05871, 0.100436, 1.12235, ,
0.321698, 1.58774, 0.496347, 1.53882, 0.176273)T . (19)

In Figure 7, Product 2, the demand function for a consumerAmoney of product 2 as a function of the
money of the consumer is given. The rest of the parameters are given by

(p1, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

(2, 0.292285, 1.05871, 0.100436, 1.12235,
0.321698, 1.58774, 0.496347, 1.53882, 0.176273)T . (20)

Product 1 Product 2
Figure 8. Demand curves for products 1 and 2 for a consumer Bmoney as a function of money.

In Figure 8, Product 1, the demand function of product 1 for a consumer Bmoney as a function of the
money of the consumer is given. The rest of the parameters are given by

(p2, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

7, 0.205183, 1.28338, 0.410497, 1.24444,
0.605611, 1.36808, 0.448373, 1.73304, 0.240323)T . (21)

In Figure 8, Product 2, the demand function for a consumer Bmoney of the product 2 as a function of
the money of the consumer is given. The rest of the parameters are given by

(p1, a1, b1, a2, b2, a3, b3, a4, b4, prob)T =

(2, 0.205183, 1.28338, 0.410497, 1.24444,
0.605611, 1.36808, 0.448373, 1.73304, 0.240323)T . (22)
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4. Analysis of the simulation results

We use machine learning methods, the Gaussian process interpolation in particular, to interpolate the
constructed data. For the purposes of our investigation two methods seem to be more appropriate, the
Gaussian process interpolation and the random forest. We opted for the Gaussian process interpolation
because it is is smooth whereas the random forest is piecewise linear.

The employed machine learning method extrapolates also to out of sample data to derive the resulting
demand functions. The resulting demand functions are multi-parametric and their derivation is data-
driven. The main advantage of our work, being data driven, is that it can be applied to real data to give
demand functions.

The actual analytic form of the demand functions derived by the Gaussian process interpolation is
quite involved and as expected it is not straightforward to make it intelligible in terms of economic
theory. In order to understand the behaviour of the multi-parametric demand functions we keep some of
the parameters it depends upon constant while we vary the rest. The result are depicted in Figures 1 to
8. The demand functions for products 1 and 2 of two different consumers as a function of the price of
the products when we keep all the other parameters constant are given in Figures 1 and 2. The demand
functions for products 1 and 2 of two different consumers as a function of the price of the products
and of the probability of transition of the Markov chain process when we keep all the other parameters
constant are given in Figures 3 and 4.

The demand functions for products 1 and 2 of two different consumers as a function of the money of
the consumers and of the probability of transition of the Markov chain process when we keep all the
other parameters constant are given in Figures 5 and 6. The demand functions for products 1 and 2 of
two different consumers as a function of the price of the products and the money of the consumers when
we keep all the other parameters constant are given in Figures 7 and 8.

Some of the results of the simulations are general features of the demand function and expected to
hold. For instance, the demand function is expected in general to be a decreasing function of the price
of the product. Indeed, this is what is depicted in Figure 1. However, there are results of the simulations
which do not comply with the general feature of the demand function as being a decreasing function of
the price of the product. This is depicted in Figure 2 for the product 2 where at a certain price of the
product the demand vanishes and for prices higher than this the demand increases. We need real data
akin to the constructed data in order to examine if this interesting phenomenon occurs in reality and in
order to give to it an interpretation in terms of the economic theory.

This explicates the importance of polyparametric demand functions which emerge from the multitude
of individual agent interactions. They elucidate phenomena and relations which cannot be derived
from classical demand theory. One such example is the aforementioned increase in the demand for the
product 2 as its price increases, as this is depicted in Figure 2. The drawback is that we do not have
the explicit analytic form of the derived demand functions. In order to draw information from them we
have to depict them graphically as we do in Figures 1 to 8.

In Figure 3 the demand of the goods 1 and 2 decreases as the prices of the goods 1 and 2 increases.
Moreover the demand is, as expected, a decreasing function of the probability, more so for the product 1
and to a lesser extent for the product 2.
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In Figure 4 this interesting phenomenon occurs again for product 2 where the demand increases
when the price increases at a certain level. Moreover, contrary to intuition, neither for product 1 nor for
product 2 demand is a decreasing function of probability.

In Figure 5 for product 1 the demand of the product is a monotonic function of the probability as
expected. However, In Figure 5, as far as the product 2 is concerned, the demand when the consumer
has a lot of money is not a monotonic function of the probability but it appears to be a concave function
of the probability, a fact which is counter-intuitive.

Another interesting phenomenon is depicted in Figure 6 for product 1. As expected, the demand for
product 1 increases as the money of the consumer increases. However the demand for product 1 also
increases for probability nearly equal to 0.5, which implies that the demand for product 1 also increases
when, contrary to expectations, the preferences of the consumer for products 1 and 2 are nearly equal.
In general, one expects that the demand for the products 1 or 2 will be a monotonic function of the
probability which drives the preferences of the consumer.

Other properties which emerge verify our anticipated views. For example, we expect the demand for
a product to increase as the money of the consumer increases. This is verified in Figure 7 where for
both products the demand increases as the money of the consumer increases, albeit the various demand
curves that are the highlighted sections of the two dimensional depicted surfaces have different heights
and slopes.

In Figure 8, we have the interesting phenomenon that firstly appeared in Figure 2 for product 2. In
Figure 8 the phenomenon appears for product 1. The demand for product 1 in Figure 8 also increases
when the consumer has more money and the price of good 1 increases.

5. Conclusions

In this study, we depart from from classical demand theory to develop a novel approach for simulating
and analyzing consumer behavior in a market with multiple products. Our underlying framework of
agent-based modeling and simulation incorporates concepts from these theories while also diverg-
ing from certain key aspects, such as the instrumental rationality assumption and the notion of the
representative agent.

Our agent-based model encapsulates the behaviors of 1,000 of individual consumers, who are divided
into heterogeneous groups based on their preferences and income. This heterogeneity is a significant
departure from classical demand theory and better reflects the complexity of real-world markets.

The choice of commodity bundles in our model is serially optimal, and agents exhibit “bounded
rationality” as opposed to the strict rationality assumption embedded in classical demand theory. We
have incorporated Markov processes to introduce stochastic influence, capturing the uncertainty and
unpredictability of consumer behavior over time.

The computational methodology adopted in this study allows for the generation of dynamic rela-
tionships and provides a richer set of information regarding agent behavior compared to the traditional
approach in classical demand theory. For instance, our approach offers insights into the trajectory of
optimal consumption bundles, expenditure paths for individual agents, and average expenditure paths.
These features are unique to our agent-based approach and highlight its potential for delivering more
realistic models of consumer behavior.
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By combining Gaussian process interpolation with our agent-based model, we have created multi-
parametric demand functions that provide a robust and nuanced understanding of consumer demand
in relation to product prices, consumer income, and utility parameters. The non-linear relationships
emerging from our simulations showcase the potential of this approach to capture the intricate dynamics
of a market economy, moving beyond the limitations of traditional demand-supply models.

Our research not only opens new avenues for incorporating advanced machine learning techniques in
economic modeling, but also emphasizes the importance of considering individual consumer behaviors
and heterogeneity in economic analyses. This approach allows us to explore how micro-level behavior
can influence macro-level outcomes and how macro-level patterns can emerge from the bottom-up.

In summary, our work comprises of two basic steps that constitute a valid concise methodology
(Simudyne (2023)), with applications well beyond our current study. In the first step within the agent-
based approach we use the Monte Carlo method to generate data. The data are the demands for two
goods of 1000 bounded rational consumers-agents who in sequential discrete steps make their choices
for either one of the two goods by using a stochastic utility model which manifests their bounded
rationality and by taking into account their income and the prices of the goods. In the second step we
interpolate the data by using machine learning methods and derive multi-parametric demand functions
that relate both the characteristics of the consumers and the prices of the goods to the demands of the
two goods.

These data driven multi-parametric demand functions are not derived in the classical demand theory
and they demonstrate the dependence of the demand on a variety of factors such as the price of the
goods, the probability that appears in the stochastic utility model, the income of the consumers, the
price of the goods, etc. Some of the characteristics of the resulting multi-parametric demand functions,
such as the increase of the demand of one of the two goods as its price increases, come into tension
with classical demand theory. We thus arrive at a macro-level description of our model economy that
consists of 1000 consumers that is generated from the behaviour of the individual consumers. This is
precisely the trademark of the application of ABM to finance and economics: Macro-level outcomes are
not postulated but emerge from the micro-level behaviour of individual agents.

Future work can extend this framework to incorporate more complex scenarios involving multiple
goods and services and dynamic changes in consumer preferences and income levels. Moreover,
comparing the predictions of our model with macro-level data could enhance our understanding of
the relationships between micro and macro levels, providing valuable insights into the functioning of
real-world economies.

In conclusion, this research contributes to the broader field of computational economics by offering a
novel, comprehensive approach to understand and predict consumer behavior in a more realistic and
nuanced manner. By combining classical economic theories with modern computational techniques, we
are better equipped to tackle the complexities and uncertainties of today’s market economies.
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