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Abstract
Purpose: This study provides an introduction to the agent-based modeling approach 
in industrial economics, with a focus on the Kuwaiti housing market structure. It de-
velops and analyzes an illustrative agent-based market model.
Study design/methodology/approach: We construct an agent-based model to study the 
effects of search costs and the number of speculators on housing price volatility. We 
also illustrate the agent-based modeling process using NetLogo and R.
Sample and data: Our data consists of housing-related policies passed in Kuwait over 
the last two decades. We discuss relevant studies from industrial economics and hous-
ing literature based on their applicability to Kuwait’s housing market structure.
Results: Our findings suggest that both lower search costs and a higher number of 
speculators lead to lower price volatility. We also demonstrated that agent-based mod-
eling has significant potential for assessing policy impacts on housing markets. Fea-
tures from other industrial economics models can be incorporated into the Kuwaiti 
housing market framework.
Originality/value: This study bridges a gap in the literature by demonstrating how 
agent-based models can enhance understanding of policy effects on Kuwait’s housing 
market structure. It also highlights the benefits of integrating elements from industrial 
economics models into agent-based housing models.
Research limitations/implications: While agent-based models offer potential applica-
tions in Kuwait, their design, testing, and validation require interdisciplinary efforts.
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الملخص
 النماذج القائمة على الوكلاء في الاقتصاد الصناعي:

نظرة في هيكل سوق العقار السكني في الكويت
إبراهيم الإبراهيم

جامعة الكويت، الكويت

 )Agent-Based Model( هــدف الدراســة: تهــدف هــذه الدراســة إلــى تقديــم نهــج النمذجــة القائمــة علــى الــوكلاء
فــي الاقتصــاد الصناعــي )Industrial Economics(، مــع التركيــز علــى هيــكل ســوق الإســكان الكويتــي، إضافــةً 
إلــى تطويــر وتحليــل نمــوذج ســوقي توضيحــي قائــم علــى الــوكلاء. ويجــري ذلــك علــى هيــكل ســوق الإســكان 

الكويتيــة خاصــةً.
تصميــم/ منهجيــة/ طريقــة الدراســة: تقــوم الدراســة علــى بنــاء نمــوذجٍ قائــم علــى الــوكلاء لدراســة تأثيــر تكلفــة 
ــب أســعار الإســكان. يوضــح النمــوذج  ــى درجــة تقل ــن عل ــك عــدد المضاربي ــة البحــث عــن الســكن، وكذل عملي

.)R( ولغــة )NetLogo( عمليــة النمذجــة القائمــة علــى الــوكلاء باســتخدام
عينــة الدراســة وبياناتهــا: تتكــون بيانــات الدراســة مــن القوانيــن والسياســات المتعلقــة بالإســكان، والتــي أقُــرّتْ 
فــي العقديــن الماضييــن فــي الكويــت، إضافــةً إلــى اختيــار ومناقشــة الدراســات فــي مجــال الاقتصــاد الصناعــي 

والإســكان بنــاءً علــى إمكاناتهــا فــي نمذجــة الجوانــب المختلفــة لهيــكل ســوق الإســكان فــي الكويــت.
نتائــج الدراســة: تشــير نتائــج الدراســة إلــى أنّ كلاً مــن انخفــاض تكاليــف البحــث عــن ســكن، والزيــادة فــي عــدد 
ــى  ــن أنّ نهــج النمذجــة القائمــة عل ــاتٍ أقــل فــي الأســعار. كمــا تبي ــى تقلب ــان إل ــن فــي الســوق، يؤدّي المضاربي
الــوكلاء يتمتــع بإمكانــاتٍ كبيــرة فــي تقييــم تأثيــر السياســات علــى أســواق الإســكان، وكذلــك توضــح كيفيــة دمــج 

خصائــص مــن نمــاذج الاقتصــاد الصناعــي الأخــرى فــي إطــار نمذجــة ســوق الإســكان الكويتيــة.
أصالــة الدراســة: تســد هــذه الدراســة الفجــوة البحثيــة عــن طريــق مناقشــة كيفيــة اســتخدام النمــاذج القائمــة 
علــى الــوكلاء وخصائــص نمــاذج الــوكلاء الخاصــة بالاقتصــاد الصناعــي لبنــاء نمــاذج تعــزز فهــم تأثيــر التغييرات 

فــي القوانيــن علــى هيــكل ســوق الإســكان الكويتــي.
حــدود الدراســة وتطبيقاتهــا: علــى الرغــم مــن الإمكانيــات الكبيــرة لتطبيــق النمــاذج القائمــة علــى الــوكلاء فــي 

الســوق الكويتيــة، فــإن تصميمهــا واختبارهــا والتحقــق مــن صحتهــا تتطلــب جهــودًا متعــددة التخصصــات.

الكلمات المفتاحية: النماذج القائمة على الوكلاء، الاقتصاد الصناعي، هيكل سوق الإسكان، الكويت.
 

تصدر عن مجلس النشر العلمي بجامعة الكويت. جميع الحقوق محفوظة للمجلة.
الصناعــي: الاقتصــاد  فــي  الــوكلاء  علــى  القائمــة  النمــاذج   .)2025( إبراهيــم.  الإبراهيــم،  المرجعيــة:   الإشــارة 

نظرة في هيكل سوق العقار السكني في الكويت. المجلة العربية للعلوم الإدارية، 32)2(، 433-389.
  https://doi.org/10.34120/ajas.2025.1281 
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Introduction

How can researchers and policymakers understand complex market dynamics 
when data is not available?  While economics research is dominated by empirical 
studies (Paldam, 2021),  many important questions suffer from data limitations. 
Although experiments and surveys may fill some of the gaps, simulation-based 
models can be powerful tools to study phenomena in a controlled environment.

Unlike mathematical models, simulation models are known for their flexi-
bility and their ability to incorporate many real-life nuances and details. System 
dynamics, discrete event simulations, and agent-based models are the main sim-
ulation-based methodologies. The system dynamics approach relies on modeling 
stock and flow aggregate variables as a system of ordinary differential or differ-
ence equations. The discrete event simulation models a system as a sequence of 
discrete events. The agent-based models are based on interactions of agents in an 
environment, making them more suitable for understanding complex markets and 
emergent behaviour.

This paper aims to provide an introduction to Agent-Based Models (ABM), 
and their applications to industrial economics and market analysis.  We first dis-
cuss the history and the rationale behind ABM with some seminal examples and 
models, and then explore the role of ABM in policymaking.

Additionally, we devote a special section to the potential application of agent-
based modelling in the Kuwaiti housing market. We first provide an overview of 
the real-estate policy changes passed by the legislature over the last two decades. 
Second, we discuss how such policy changes could affect the housing market, 
illustrating the potential use of agent-based models. More specifically, we discuss 
how features from some of the models in the literature can be incorporated into 
agent-based models to address and understand the effect of the policy changes in 
the housing market. Furthermore, we provide a brief overview of the agent-based 
modelling tools and illustrate how to build a simple agent-based market model. 
Additionally, we show how to analyse our model in R language. We also show 
that our stylized model reveals some useful insights for the policymaker. 

We structured the paper by, first, discussing the rationale and the role of agent-
based models in modeling complex systems followed by examples of their ap-
plications in industrial economics with attention to the housing market. Next, we 
provide an overview of the Kuwaiti housing market structure with emphasis on the 
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potential applications of agent-based models in understanding market dynamics 
under the limitation of data availability. We then construct an illustrative mar-
ket-based agent-based model and discuss its building process and the analysis of 
its results. Finally, we conclude with the implications of our results and a discus-
sion of the general agent-based modeling process and potential future applications.  

Complex Systems and Agent-Based Model

If one’s objective is to find the correct model of what they study, then they are 
undoubtedly on the wrong path as all models are, in principle, wrong (Box, 1976). 
Agent-based models are no exception to that. However, ABMs can provide useful 
insights into complex systems for which pure mathematical modelling methods 
might not be feasible. A complex system is a system that can be analyzed into many 
interrelated components, where the behavior of each component depends on the be-
havior of others (Simon, 1962). Alternatively, a complex system is a system where 
its outcomes cannot be understood by the understanding of the behavior of the parts. 
The fact that a complex system could have many components that depend on their 
behaviors of the behavior of the others makes many of them hard to be modeled 
by pure mathematical and statistical models, even though the parts of the complex 
system themselves could be simple. Here is where the use of ABMs is most useful 
or even might be the only way to go. An agent-based model is a model that consists 
of interacting agents where the outcomes of the interaction cannot be deduced by 
understanding the behavior of the agents separately (Axelrod & Tesfatsion, 2006).

Although the use of ABMs in economics is relatively recent, the notion of 
complexity in economic systems goes as far as the 19th century. For example, the 
notion of the “invisible hand,” introduced by Adam Smith in his famous book 
“Wealth of Nations,” is simply a notion of a complex system (Heath & Hill, 2008).

The notion of complexity does not necessarily mean a complicated system. An 
example from ecology can illustrate this. It has been believed for a long while that 
the flocking behavior of birds is a result of a leadership position of some birds in 
the group. Contrary to that belief, using a computer simulation, Reynolds (1987) 
has shown that if birds follow three simple rules: collision avoidance, velocity 
matching, and flock cantering, flocking behavior will emerge without needing the 
leadership rule. Although the model is simple, it is of a complex nature. Another 
well-known, abstract and simple model that illustrates the concept of complexity 
is the cellular automaton model invented by the mathematician John Conway, 
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which is known as “Conway’s Game of Life” (Gardner, 1970). This game has no 
players and consists of cells on a rectangular grid. The game is governed by three 
simple rules. Given those simple rules and the current cellular state, a complex 
dynamic behavior could emerge. The two previous examples illustrate that what 
is meant by complexity in complex systems is the complexity in the emergent 
behavior rather than the complexity of the model itself. That is, one cannot simply 
predict the emergence of, for example, the flocking behavior by merely under-
standing the three simple rules followed by each bird.

A very early agent-based model in economics is Schelling’s segregation model 
(Schelling, 1978). Schelling (1978) proposes two main versions of his model. 
One is a linear model, and the other is a two-dimensional model. In both versions, 
there are two types of agents. Each type follows certain simple rules. Schelling 
explains that the model starts with a state where agents are distributed randomly 
on a grid or a line, then he shows that when agents follow the rules, which does 
not necessarily favor segregation, they eventually reach a segregation equilibrium 
of clustered areas, with each consisting of only one type of agent.

Applications of Agent-Based-Modelling 

Agent-based models can be built to understand a system at different levels. 
For example, we can use them to understand how the interactions of agents in a 
certain market affect the wealth of each agent or agent type or even the behavior 
of agents. Additionally, we can use the model to understand the dynamics of mar-
ket-level variables, such as prices. From a macroeconomic perspective, the model 
can be used to understand macroeconomic variables such as unemployment or 
inflation. Hence, agent-based models can be built to understand both micro and 
macro-level phenomena.

Agent-based models have been widely applied in economics and business 
fields. Auctions are among the areas that have attracted considerable attention. 
There are many auction designs that economic theory offers limited understand-
ing of. The multiple bid auctions, where multiple units are bought or sold, is an 
example of that (Hailu & Thoyer, 2007). Hailu and Thoyer (2007) study the per-
formance of three pricing formats in multiple bid auctions. Their model consists 
of a single buyer, the government, and multiple bidders who provide their supply 
schedule. Bidders are involved in repeated auctions and refine their supply func-
tions to maximize their income through reinforcement learning.
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Agent-based modelling has been used to test auction mechanisms. For exam-
ple, Araúzo et al. (2018) built a model to test a proposed auction mechanism for 
allocating airport slots. Esmaeili Avval et al. (2022) built a multi-agent model to 
investigate different auction designs in the carbon emission market.

Common-value auctions with learning is another topic that has attracted the 
attention of economists. Experimental studies show that bidders adapt their be-
haviour in common-value auctions (Kagel & Dyer, 1988). Motivated by Kagel 
and Dyer (1988)’s findings, Andreoni and Miller (1995) created an agent-based 
model that aims to understand the common-value auctions with learning agents. 
Noe et al. (2012) extend Andreoni and Miller's (1995) work by introducing uncer-
tainty in goods value. Reserve prices on first-price common-value auctions have 
had less attention in the auction literature. This is partly due to the mathematical 
difficulty in modelling it (Boyer & Brorsen, 2014). Boyer and Brorsen (2014) 
have approached such auctions using an agent-based approach with the particle 
swarm learning algorithm. They have found that the bidding equilibrium price 
and seller’s expected revenue in a two-buyer auction with a reserve price is higher 
than without a reserve price. However, the probability of selling the item is lower 
in the reserve price case than without it.

Other works have studied the effect of convex incentives on the financial mar-
ket by building an agent-based model of a double auction market in which some 
agents are endowed with convex contracts Fabretti and Herzel (2017). Fabretti 
and Herzel (2017) have found that convex incentives introduce instability and 
inefficiency in the market.

Other researchers focused on testing methodologies of auction agent-based 
models. In pure mathematical models, the researchers first build a model of a 
problem of interest, and based on that model, they postulate some hypotheses that 
can be tested econometrically. In an agent-based model, the researcher instead cal-
culates some statistics from the model’s results and tests the model’s performance 
by comparing the model’s generated statistics with actual data statistics. Tseng et 
al. (2010) show how agent-based auction models can be statistically tested. The 
authors build three types of agent-based models of continuous double-auction: a 
zero-intelligent agent model, a zero-intelligent-plus model, and a Gjerstad–Dick-
haut model. Interestingly, using Taiwan Political Exchange (TAIPEX) market 
data, and testing for certain properties from the market, they have found that the 
zero-intelligent agent model is the best in describing those properties.
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The interplay of innovation, market dynamics, entry and exit decisions, and 
market structure is a topic that has attracted the attention of economists since the 
seminal work of Nelson and Winter (1985). Cantner and Pyka (1998), Dawid 
and Reimann (2005), and Silverberg and Verspagen (1994) are among the earlier 
works on evolutionary economics and market dynamics using agent-based mod-
els. A study by Silverberg and Verspagen's (1994) aimed to build a model with 
endogenous growth. Their model consists of firms with learning capacity that 
exhibit a steady-state growth path. Cantner and Pyka (1998) focus on creating a 
model with an endogenous spillover effect. Their model consists of heterogene-
ous learning firms competing in an oligopoly market. Dawid and Reimann (2005) 
construct a model that aims to understand firms’ decisions on innovation, market 
entry, exit, and output. A distinct feature of their model is that firms make their de-
cision based on their market evaluation. Firms evaluate the market based on three 
main factors: market potential, growth rate, and profitability (Dawid & Reimann, 
2005; Hax & Majluf, 1983).

Agent-based models have also been used to model firms’ competition in more 
complex settings. Catullo (2013) has built an agent-based model to study the re-
lationship between exporters’ premia and firms’ monopolistic competition in the 
international trade market. An interesting feature of this model is that firm heter-
ogeneity emerges due to firms’ interactions.

One question of primary interest in the price competition and anti-trust field 
is the welfare effect of price competition. Zhang et al. (2008) have built an agent-
based model that considers the welfare effect of price competition, product dif-
ferentiation, and consumer heterogeneity in a single framework. The model is ap-
plied in the transportation network. Their results favour a fixed-rate pricing policy 
over a flexible pricing policy. Rahimiyan and Rajabi Mashhadi (2010) employs an 
agent-based model to explore the effect of divestiture policies on competitiveness 
in the electricity market.

Some of the more recent studies focus on the effect of the penetration of Artifi-
cial Intelligence (AI) technologies on industry structure. For example, Dawid and 
Neugart (2023) exploits agent-based models to explore the impact of AI on indus-
try structure variables such as wage distribution, labor share, and output. More 
specifically, they pay special attention to the interplay of market competitiveness 
on the aforementioned variables. Borsato and Lorentz (2023) create a model that 
explores the effect of AI on the data production market. The study focuses on 
aspects such as productivity, product quality, and market structure.
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Spatial and location decisions made by firms are another area of interest in the 
area of competition. Hotelling’s model of spatial competition is a fundamental, 
well-known model in that area. Despite their usefulness, most spatial models as-
sumed away many real-life features. Relaxing and testing many assumptions can 
be very challenging using a pure mathematical modelling approach. One topic 
that has attracted extensive attention from economists is the price spatial link-
age (Fackler & Goodwin, 2001). It is essential for understanding many market 
aspects, such as market definition, antitrust regulation, and market integration 
(Fackler & Goodwin, 2001).

While the price spatial linkage has attracted the attention of economists, the 
endogenous nature of price has attracted little attention (Sanchez-Cartas, 2018). 
The study by van Leeuwen and Lijesen (2016) is one of the early works that 
attempts to build an agent-based model of spatial and price competition. Their 
model is built to understand the effect of relaxing some potentially restrictive 
assumptions, such as the assumption of homogeneity of firms and consumers.

A distinguished feature of that paper is that it starts from the bottom up. The 
authors first give a concise introduction to the agent-based models and spatial 
competition models, and then they precisely describe Hotelling’s model from the 
game-theoretic perspective. After that, they lay out the agent-based model setup, 
followed by the results and model validation process. This paper's precise and 
concise structure makes it one of the good-to-start-with papers for new-to-the-
area economists who seek to use an agent-based modelling approach.

Sanchez-Cartas (2018) models price competition in a multi-market pricing 
situation. Their work shares a common ground with van Leeuwen and Lijesen 
(2016) by modelling an endogenous price competition. However, Sanchez-Cartas 
(2018)’s model is more general and can be applied to different market setups than 
van Leeuwen and Lijesen (2016) 's.

Other studies focused on extending the classical Hotelling model. For exam-
ple, Ottino-Loffler et al. (2017) extend Hotelling’s model to a two-dimensional 
world with more than two firms. The model allows a non-uniform distribution of 
the firms. It exhibits interesting emergent behavior. Contrary to the minimum dif-
ferentiation principle observed in the basic Hotelling’s model, firms are involved 
in local duopolies. Additionally, they observe heterogeneity in price and non-uni-
form distribution of firms.
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Agent-based models have many applications in the housing market. For exam-
ple, the model of Gilbert et al. (2009) is among the early agent-based models that 
attempt to model a housing market. Their model is a simplified representation of 
the English housing market. It consists of three types of agents: buyers, sellers, 
and realtors. The authors illustrate how the model can be used to explore the effect 
of interest rate and loan-to-value ratio on house prices using some hypothetical 
model parameters. Magliocca et al. (2011) build a more specialized model that 
explores the interplay of land and housing markets. Their model can be used to 
understand how land-use policies affect housing development and land prices.

Later works attempt to build models calibrated with real market data. For ex-
ample, Axtell et al. (2014) created a housing market model for the Washington 
D.C. area that aims at understanding the causes of housing price bubbles. Baptista 
et al. (2016) extend the works of Axtell et al. (2014) to the UK market. Their study 
explores the effect of macro-prudential policies on the UK housing market. More 
specifically, they explore the effect of the size of the rental on buy-to-let, buy-to-
let sectors, and a loan-to-income limit on the house price cycle. Pangallo et al. 
(2019) build a model to explore the relationship between income inequality and 
segregation in the housing market and the implication of taxes and subsidies on 
social mixing. Evans et al. (2023) created a model for understanding the effect of 
decision-making behaviors on the Greater Sydney housing market. Their model 
is spatial and calibrated with Sydney market data.

Alghais and Pullar (2018) utilize an agent-based modelling approach for un-
derstanding housing and urban planning in Kuwait. Motivated by the rapid popu-
lation growth in Kuwait, they created a spatial agent-based model to forecast the 
impact of population growth on housing shortage and traffic congestion. 

More recent work aims to build more sophisticated models. For example, 
Mérő et al. (2023) extend the work of both Axtell et al. (2014) and Baptista et al. 
(2016) to the Hungarian housing market. They construct a more detailed market 
model, considering the credit market and the construction sector.

We aim to extend the literature by focusing on the Kuwaiti housing market. 
We first provide an overview of the Kuwaiti housing market and the recent regu-
latory changes. Furthermore, we provide direction on the potential use of agent-
based models in understanding the effect of the regulatory changes on the market. 
Additionally, we build and analyze a simple market model and use it to illustrate 
the process of agent-based model building using NetLogo. 
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Kuwaiti Housing Market

Despite the severity of housing affordability in Kuwait, there are, in gener-
al, limited studies that address and synthesize the different dimensions of it. In 
this section, we first aim to provide a short overview of the residential market in 
Kuwait. Second, we will discuss the affordability of housing in Kuwait and the 
laws that have been passed that could potentially affect it. Last, we discuss the 
role that agent-based modelling can play in enhancing the understanding of the 
residential market dynamics, the effect of the passed laws, and the potential of 
future policies.

Residential lands, and more generally, areas in Kuwait, can be classified 
into two types: Investment residential lands and low-density, or single-family, 
lands. Investment lands are where apartment buildings can be developed, while 
low-density lands are designated for single-home developments. Investors can be 
classified into two types: individual investors and corporate investors. Individual 
investors invest in and develop lands in their name. Corporate investors invest 
under some corporate entities, such as limited liability companies.

Kuwait has suffered from a rapid increase in housing prices that outpaced the rise 
in income during the last two decades (Alfalah et al., 2023). The legislature passed 
several laws related to housing during that period, as shown in Table 1.

Table 1 
Summary of Housing-Related Laws in Kuwait

Law No. Description

2008/8 Imposes a tax on undeveloped residential lands exceeding 5000 square meters.

2008/9 Prohibits corporate investors from owning low-density residential lands.

2018 Electricity tariff increased from 2 Fils/kWh to 5 Fils/kWh, and water tar-
iff increased from 0.8 KWD to 2 KWD per 1000 Gallons for investment 
residential units.

2023/118 Enables the Public Authority for Housing Welfare to establish housing 
development companies with up to 49% private sector ownership.

2023/126 Imposes an incremental tax on undeveloped low-density land exceeding 
1500 sqm, starting at 10 KD/sqm and increasing annually until 100 KD/
sqm; adjusts Law 2008/8. Defines undeveloped land as less than 50% 
developed and imposes restrictions on banking sector dealings with 
low-density residential properties.
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In 2008, the legislature passed two laws: 2008/8 and 2008/9. Law 2008/9 aims 
to lessen residential property market concentration by forcing corporate investors 
to exit the low-density single-home residential market. Law 2008/8 imposes a tax 
on undeveloped residential lands exceeding 5,000 square meters.

In 2018, the electricity and water rates for investment residential properties 
increased relative to the low-density ones, potentially, making the low density 
properties market more attractive for investors.

In 2023, the legislature passed two housing-related laws: Law No. 118 and Law 
No. 126. Law 2023/126 imposes an incremental tax on undeveloped low-density 
land when total ownership exceeds 1,500 square meters. It is an adjustment to 
the previous 2008/8 law, which imposed a non-incremental tax. The new law’s 
tax rate starts at 10 KWD per square meter and increases by 30 KWD/sqm yearly 
until it reaches 100 KWD/sqm. According to the law, undeveloped land is defined 
as land that is less than 50% developed. It also imposes some restrictions on the 
banking sector in dealing with low-density residential properties.

Law No. 118 aims to engage the private sector in developing residential cities. 
It enables the Public Authority for Housing Welfare to establish housing develop-
ment companies where the private sector may own up to 49%.

The limited availability of data on Kuwait’s housing market makes ABM a 
handy tool for assessing the impact of government policies on the Kuwaiti hous-
ing market. Agent-based models also provide a rich framework for exploring the 
potential effects of policies before they are enacted.

Until 2008, both corporate and individual investors could invest in (own and 
develop) both types of properties. In 2008, the government passed Law No. 9, 
which prohibits corporate investors from owning low-density residential land. 
The rationale was that reducing corporate investor participation in the low-density 
residential market would lower demand, thereby increasing housing affordability.

A key research question is whether such a law achieves its objective of making 
housing more affordable. Alfalah et al. (2023) measured housing affordability 
indices for Kuwait from 2004 to 2017 and found that, despite the law, housing 
affordability has worsened. However, one cannot determine the precise impact of 
the law on housing affordability solely by examining these indices. The law could 
have a positive, negative, or negligible effect. It is essential to isolate and control 
for the many other factors that could influence housing prices.
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Prohibiting corporate investors from investing in the low-density residential 
land market might drive them to divert some funds to alternative investments. 
Many real estate alternative investment opportunities exist, such as investing in 
industrial, commercial, agricultural, and investment residential real estate proper-
ties. Hence, the demand for those alternative real-estate options would go upward, 
potentially driving their prices upward, ceteris paribus. This may, in turn, reduce 
their attractiveness to individual investors, increasing the relative attractiveness 
of low-density residential real estate properties. Hence, some individual investors 
may exit from the market where corporate investors are and enter the residential 
market, putting upward pressure on the prices of the residential, ceteris paribus.

Both corporate and individual investors’ behavior affects their environment 
(markets), and the environment affects their behavior, making the market system 
complex. Agent-based modelling is a suitable tool to explore the dynamic effect 
of such a policy on residential and investment land markets. There are three main 
players in low-density residential lands: individual investors, corporate investors, 
and homeowners. Agent-based modelling allows for the study of the law’s impact 
on the investor’s behavior in isolation.

A simple model can be built. The model can consist of two types of agents, 
individual investors and corporate investors, and multiple markets: commercial, 
agricultural, industrial, residential investment, and low-density residential mar-
kets. Each type of agent behaves according to specific rules. The agents can be 
heterogeneous. For example, agents may differ in terms of their funds or wealth. 
Gilbert et al. (2009)'s model of the UK residential market can be used as a base 
for our situation in Kuwait. In their model, however, there is only one type of real 
estate property. 

The properties are spread on a grid world and differ by their prices. There are 
three types of agents: buyers, sellers, and realtors, and a single market. In our situ-
ation, we have multiple markets where the corporate and individual investors can 
be sellers and buyers. Features of some previously discussed industrial organiza-
tion models, such as market attractiveness evaluation and entry and exit decisions 
Dawid and Reimann (2005), can be incorporated.

Another interesting policy change that could potentially have impacted the res-
idential market in Kuwait and is worth studying is the change in electricity and wa-
ter tariffs. In 2018, the Ministry of Electricity and Water in Kuwait raised the rate 
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for electricity and water for residential investment units from 2 Fils/kWh to 5 kWh 
and from 0.8 KWD to 2 KWD per 1000 Gallons, respectively, keeping the rates for 
the low-density units unchanged at 2 Fils/kWh, and 0.8 KWD per 1000 Gallons.

Potentially, such a policy may negatively impact the affordability of housing. 
For multiple reasons, the relative increase in electricity and water rates for the 
investment residential units could make the investment residential market less 
attractive for investors. First, while the Ministry of Electricity and Water provides 
electricity meters for each rental unit, it only provides a single water meter for 
the whole building. Thus, in many rental contracts, electricity and water costs are 
included with the rent. Second, investors cannot entirely pass the increase in tariff 
on to the renter by directly increasing rents. This is partly due to the law limiting 
investors in raising rents in the short term. Additionally, the elasticity of rental 
apartment demand limits how much could be passed on. Other markets, including 
the low-density residential market, might become more attractive. Thus, some 
investors may enter the low-density residential market, causing housing prices to 
increase, ceteris paribus.

A closely related policy that could have impacted not just housing prices but 
also the housing landscape in Kuwait is the heavy subsidy on electricity and wa-
ter. Removing the subsidy can be a disruptive policy with a large potential impact. 
Such a change in policy can incentivize changes in other real estate-related laws and 
building codes that could potentially allow for more innovative designs and housing.

The potential interdependence between utility tariffs and the housing market 
appears to be understudied. The lack of regular and accurate utility data in Kuwait 
inhibits the possibility of any empirical studies in that area. Agent-based mod-
elling can be used as a tool to explore such interdependence. Understanding the 
impact of such policy change may require a richer model incorporating features 
such as innovation, entry and exit decisions (Dawid & Reimann, 2005), and the 
construction sector (Mérő et al., 2023).

Recently, two housing-related laws have been passed: Law 2023/118 and 
2023/126. Law 2023/126 imposes taxes on undeveloped residential properties, 
while Law 2023/118 aims to engage the private sector in developing residential 
cities. The high incremental tax rate imposed by law 2023/126 may incentivize 
the landowners to develop or sell their lands. Law 2023/118 may expedite the res-
idential development projects, increasing the housing supply and potentially mak-
ing housing more affordable. An empirical assessment of the impact of each law 
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separately can be very challenging. Things can even get more complicated when 
considering the effect of the announcement of both statutes. This is evident in the 
impact of the announcement of monetary policies on asset prices (Gürkaynak et 
al., 2004). Agent-based modelling can provide a proper toolbox for understanding 
the potential effect of both laws.

Law 2023/118 is a first step towards engaging the private sector in developing 
housing solutions. Kuwaiti low-density residential areas lack a variety of hous-
ing products and are primarily dominated by single homes. For example, small 
townhouses represent a small share of the housing units in Kuwait. This is partly 
due to the building code, which heavily restricts the building of attached hous-
es. However, it is possible to build small townhouses in investment residential 
lands. Anecdotal evidence from new residential investment areas, such as Hessah 
Al-Mubarak, shows that such houses are highly sought after. Other factors, such 
as location, could make them highly sought after. Nevertheless, we believe there 
is a large gap in the literature for investigating the desirability and demand of such 
houses and how a policy change that allows the development of small townhouses 
and other varieties of housing units in low-density residential affects the shape of 
the housing market landscape and the affordability of housing.

As land size shrinks, the price of land per square meter increases. The high 
land prices may incentivize landowners to divide their lots into smaller, more 
affordable lots. While the total land area in the market remains the same, the num-
ber of units will increase. The increase in the supply of residential units would 
affect the land prices, which would affect the landowner’s decision to divide lots. 
Agent-based modelling is a suitable toolkit for modelling and understanding the 
dynamics of such a policy change.

The low supply of low-density residential land is a primary factor affecting 
housing affordability in Kuwait. The government, through the Public Authority for 
Housing Welfare (PAHW), is considered the leading supplier of housing. To this 
date, the private sector has played a limited role in the housing sector. The only 
exception is the Sabah Al Ahmad Sea City. While the most significant part of the 
Sabah Al Ahmad Sea City is designated as a low-density residential area, the lots 
are primarily developed for recreational use. While law 2023/118 aims to engage 
the private sector in developing housing projects, it largely restricts private devel-
opers to working only on projects under the Public Authority for Housing Welfare 
(PAHW). The private sector can be more engaged in the development of housing 
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products if it is allowed to develop and sell units to anyone in the market, not just 
PAHW-qualified individuals.

There are many details and issues involved in allocating public lands to the pri-
vate sector working in housing development in Kuwait. Let’s simplify the situation 
and assume that the government will sell large lots to private sector developers to 
plan and develop into different types of low-density residential units. The main 
question would be how to set the price? One possible approach is to sell the lands 
through auctions. If the lands are to be auctioned, what format of auctions should be 
used? Auctions format can affect the market structure. For example, Dong and Sing 
(2016) show that first-price sealed-bid auctions result in a competitive real estate 
development market, while the English auction results in a monopoly.

Public land allocation for residential development through auctions has wit-
nessed varying success. Some attempts show considerable issues, such as auc-
tioned lands remaining undeveloped for long periods after the allocations (Lin & 
Cheng, 2016). Others show promising results (Caesar, 2016). Agent-based models 
can be used to explore the potential performance of different auction formats on 
the allocation of public lands. Additionally, they can provide a flexible framework 
for optimal land-use planning, which supplements public land allocation policies 
(Ligmann-Zielinska & Jankowski, 2010; Zhao et al., 2019).

Methodology

We aim to build an agent-based housing market model using the NetLogo 
language (Tisue & Wilensky, 2004). Our treatment will be as follows. First, we 
describe and define our model. Then, we explain how to implement it in NetLo-
go. After that, we show how the model can be analyzed using external statistical 
tools, such as R, and conduct some basic analysis illustrating some insights the 
model can provide. 

We use our model to study the effect of the number of market speculators on 
housing prices and the effect of market efficiency, or the search cost, on housing 
price volatility. The first is motivated by some policymakers' belief in the poten-
tial negative effects of speculators on housing prices. The second is motivated by 
some interest in the literature in the effect of market efficiency and transaction 
costs on the volatility of prices. For example, Jones and Seguin (1997) conducts a 
quasi-experimental design-based study on the New York Stock Exchange market 
and finds that reducing transaction costs increases trading volume and decreases 
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price volatility. Price volatility is widely seen as an indicator of market efficiency 
(Földvári & van Leeuwen, 2011). Other studies focused on the relationship be-
tween housing prices and market frictions. For example, Diaz and Jerez (2013) 
build a model that aims to understand the relationship between search frictions, 
price volatility, and trading delays. Caplin  and  Leahy (2011) model the relation-
ship between liquidity, trading frictions, and housing prices. Yang (2020) provides 
a review and a transaction-based analysis of the speculation in the housing mar-
ket price dynamics. In our paper, we aim to understand the relationship between 
market efficiency as designated by the search cost and price volatility using an 
agent-based simulation model. 

Model Specification

Our model is a conceptual simplified representation of the housing market. 
Our objective is to use the model to illustrate the building process of agent-based 
models. We kept the model simple, yet rich enough to serve that purpose. Due to 
the limitation of data availability and the conceptual nature of the model, the mod-
el is not calibrated with market data. Parameter distributions were chosen based 
on a conceptual basis. Nevertheless, the calibration and validation of agent-based 
models is an important research issue that has attracted the attention of some re-
searchers in the field (Guerini & Moneta, 2017; Gürcan et al., 2013). 

The model consists of N heterogeneous agents or traders. The agents are en-
dowed with wealth randomly drawn from the normal distribution. Agents can 
have income in a similar fashion to Gilbert et al. (2009). Nh of the agents are 
endowed with a house. The reservation price for these agents is drawn from a 
uniform distribution between 0.5 and 1 unit of price to create dispersion in real 
estate value estimates (Linneman, 1986). The houses are homogeneous. Nf agents 
are flippers, or speculators; they buy a house to resell it with a markup. The re-
maining  N - Nf agents will hold the house and will not be able to sell it for at least 
a period that is drawn from a random uniform distribution period between Tsellmin 
and Tsellmax. Agents with a house, and that are eligible to sell it will attempt to sell 
the house. They will find a buyer with probability ps. The ps probability serves as 
a search cost parameter. In a more developed and efficient market, buyers spend 
less time in finding a potential seller (Malone & Rockart, 1991). We operational-
ize such market efficiency, characterized by the search cost, with such a probabil-
ity parameter. Buyers will buy the house as long as their maximum willingness to 
pay is equal to or greater than the price and they are able to purchase the house.   
Non-flipper sellers who are unsuccessful in finding a potential buyer will reduce 
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their prices by Ndiscount × 100 percent. This assumption is based on studies on  the 
relationship  between initial listing prices, and price reduction (Knight, 2002). 
Flippers will only sell the houses at a price that is at least the purchase price with 
a markup. Prices, wealth, and income are normalized to 1. 

Analysis

The model is typically analysed by simulating it and measuring some statistics. 
We will discuss and illustrate how to simulate our agent-based model using two 
tools: BehaviorSpace, and RNetLogo. BehaviorSpace is an integrated NetLogo tool 
that allows to simulate the model and calculate specific statistical measures. The tool 
can utilize the multi-core processors and run multiple simulations in parallel. RNet-
Logo (Thiele, 2014) is an R package that provides an interface to NetLogo within R.

RNetLogo interfaces NetLogo through Java, and thus the eJava package is 
required as well as Java 8 or higher. Although the RNetLogo package requires 
a NetLogo version 6 or higher, our testing reveals that the package suffers from 
some compatibility issues with some of the newer versions of NetLogo. For ex-
ample, we were not able to load the model from R using version 6.2.1; however, 
we were able to start NetLogo from R and load the model manually through the 
graphical interface of NetLogo and run the model successfully. We have also tried 
to test the package with the most recent version of NetLogo, version 6.4.0, and 
noticed that there were some issues with starting NetLogo from R. It was not pos-
sible to start the model manually and run it from R.

Despite some of the compatibility issues in RNetLogo, the package facilitates 
reproducibility. There are many tools in R that facilitate reproducible research 
such as Sweave (Meredith & Racine, 2009)  and more recently Quarto (Quarto, 
n.d.). By interfacing NetLogo from R, one would be able to integrate the manu-
script of a research paper with its analysis into a single framework, which facili-
tates reproducibility, which is beyond the scope of our work. 

Results

We analyze the model to explore two things. The first is the effect of market 
efficiency on price volatility. We operationalize market efficiency by introducing 
a probability parameter, denoted as the ‘ps’ parameter. The parameter represents 
the probability of buyers' ability to search for a seller. The second is the effect of 
the proportions of the speculators in the market on market price and its volatility. 
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Figure 1: Netlogo Agent-Based Models Integrated Development Environment

The baseline values of the other parameters are shown in Figure 1. The em-
pirical measurement of market efficiency is a challenging task (Földvári & van 
Leeuwen, 2011). Agent-based models, such as our model, provide an artificial 
laboratory to explore the effect of market efficiency on price volatility.  Our re-
sults, as shown in Figure 2, suggest that the increase in market efficiency results 
in a decrease in the market price volatility. This finding is supported by some em-
pirical works that attempted to explore the relationship between the two. For ex-

Figure 5: Agent-Based Model Building Process
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ample, Földvári and  van Leeuwen (2011) developed a methodological approach 
to measuring price volatility and showed that an increase in market efficiency is 
associated with a decrease in market price volatility.

Figure 2: Effect of Market Efficiency (Ps) on Market Price Volatility

We further explore the effect of market flippers or speculative traders on mar-
ket price. Figure 3 reveals that the larger the number of speculative traders, the 
lower the market price volatility is. However, the number of speculative traders 
appears to have no effect on the market average price, as shown on Figure 4.
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Figure 3: The Effect of the Number of Flippers on Market Price Volatility

Figure 4: The Effect of the Number of Flippers on Market Price
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Discussion

Agent-based models shall not be seen as an alternative to the pure mathemat-
ical modelling approach in economics. They should be seen as a supplementary 
approach to situations where mathematical modelling may not be handy or even 
possible. Such a situation can arise when rational expectation models may not 
be appropriate or when multiple equilibria are possible (Arthur, 2006). As dis-
cussed in Arthur (2006), ABM can provide insights on how multiple equilibria 
can evolve. It can also provide insight into how agents can adapt their expecta-
tions in deviation from the paradigm of rational expectations. 

Although ABM models are being used in many fields, the limited use of the 
approach by economists is puzzling. It is also interesting that many agent-based 
economic model contributions come from researchers outside the field of eco-
nomics, such as engineering and computer science. Looking at the literature, we 
can deduce that tractability is a major reason for that. Unlike applied scientists and 
engineers, economists historically tend to incline toward the tractability inherent 
in the mathematical modelling.  In other words, they tend to favor a model that 
can be expressed and analyzed in a mathematical form over a simulation-based 
model, such as an agent-based model. Smith (2008) provides a detailed treatment 
of that aspect.

There is a large gap that ABM models can still fill in the economics, and 
business literature. For example, in the search literature, building a model that 
has searched in equilibrium is a main challenge. Agent-based models allow for 
deviation from the notion of equilibrium. Thus, one can build a model to exam-
ine agents’ behavior and market prices off equilibrium. Additionally, they can 
be used to check the robustness of mathematical models to assumptions. Agent-
based models have also been used as a complementary method to experimental 
IO (Duffy, 2006). 

Agent-based models can be built for different purposes. They can be conceptu-
al models for understanding specific behaviours or can be very sophisticated ones 
that aim to create an artificial replica of reality. The conceptual models can be 
very simple yet provide practical insights. Schelling’s segregation model (Schell-
ing, 1978) is an example of that. While his model is very abstract and simple, it 
provides useful insights into the racial segregation in the housing market. Our 
model is another example.  The models by Axtell et al. (2014), Baptista et al. 
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(2016), and Evans et al. (2023) aim to replicate some real market features. Figure 5  
illustrates the agent-based modeling process. 

Conceptual model

Model Building and 
Coding

Model Testing

Simulation and 
Verification

 

Figure 5: Agent-Based Model Building Process

Practical Implications 

Our work has immense practical implications on policymaking in Kuwait. 
Market data on housing transactions in Kuwait are limited. Publicly available 
data lack important details such as precise locations. Additionally, details on some 
essential characteristics of houses may not even exist. Other data, such as histor-
ical data on utilities such as electricity and water consumption, are not recorded 
regularly, and the data available with service providers are likely to be very noisy. 
Such limitations make agent-based models an important tool for policy-making 
in Kuwait.

Using the model developed, we have shown how agent-based models can pro-
vide some market insights. For example, we have shown that increasing market 
efficiency results in a decrease in price volatility. Additionally, we have shown 
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that market speculators or flippers can have a positive effect on smoothing market 
price volatility. Such insights can be very beneficial for policymakers and market 
authorities.

Our finding suggests that the policymaker should pursue policies toward de-
creasing search costs and increasing housing market efficiency. For example, this 
can be achieved by taking steps toward policies that facilitate the establishment 
of a multiple listing system, where realtors can share their listings across multiple 
platforms, which can significantly decrease the search cost, and hence price vol-
atility. Additionally, our finding suggests that caution should be taken toward any 
policy affecting the speculators in the market. Agent-based models can provide 
an environment for studying complex behavioural change and its effect on the 
market outcome in response to policy changes, which can supplement other types 
of studies' findings.

Conclusion

An agent-based model is a handy and flexible modeling tool to get insights and 
answers to problems where data is limited. It can also be useful in conducting a 
supplementary analysis to both empirical and experimental studies. We can sum-
marize the agent-based modelling process as follows:

1.	� Design a model conceptually. The design step includes specifying the 
types, number of agents, and their roles as well as the environment setup. 
For example, in our model, we have two types of agents interacting in a 
single market. Each type of agent behaves according to a set of rules. 

2.	� The model is translated into a computer code using an agent-based mod-
eling tool such as NetLogo. This step reveals any necessary missing as-
sumptions or incomplete parts of the conceptual model that require adjust-
ment.

3.	� Test the coded model to ensure that its parts behave as designed.

4.	� Simulate and verify the model. This step involves a calculation of statistics 
of some of the model variables. For example, in our model, we were inter-
ested in the variance and the mean of the housing prices and their relation-
ship with search cost, and number of speculators.

Agent-based models facilitate building models for both normative and positive 
economic analyses. Economists use mathematical and statistical models to either 
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understand the effect of a policy change or propose a policy that aims to achieve 
specific outcomes. Mathematical models suffer from tractability. As more variables 
are added, they become more challenging to solve, both in closed form and numer-
ically. Hence, their analysis is limited to a few variables, while statistical models 
rely on data availability. The simulations-based nature of agent-based models ex-
pands the possibilities of normative economics even with limited data availability. 
It allows economists to estimate and test policies for large-dimensional models. 

Most policy-oriented ABM studies are scenario-based. In other words, they 
decide on the best actions or policies to take based on the simulation of a lim-
ited set of proposed policies. Recent dynamic optimization algorithms, such as 
reinforcement learning optimization algorithms (Sutton & Barto, 2020), expand 
the capacity of ABM policy-making studies. Rather than having a few proposed 
policies to decide on, it is possible to optimize parametrized policies.

Reinforcement learning algorithms have been used in different applications in 
the Agent-Based Modelling literature compared to the one we refer to. They have 
been applied to equip agents with learning capacity rather than to optimize a pol-
icy that could affect agents. The former can be seen as a special case of the latter, 
where the government or the policymaker is a learning agent in the environment. 

In our paper, we aimed to bridge the gap in the literature by providing an 
overview of the application of agent-based models in the industrial organization 
literature in general, and a review of the issues in the Kuwaiti housing market 
structure addressing the potential use of agent-based models and features of some 
models in the literature in understanding the effect of policy changes on the struc-
ture of the market and the market prices. Furthermore, we develop a conceptual 
extensible market model and illustrate the basics of building and analyzing the 
model in NetLogo and R language. 
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Appendix

Agent-Based Modelling Tools

This part provides a brief overview of the available agent-based modelling 
toolboxes and packages. We can categorize the tools into three categories. The 
first is general simulation tools, combining multiple modelling approaches, such 
as system dynamics, discrete events, and agent-based models. The second cat-
egory is tools that are primarily oriented toward agent-based models. The third 
focuses on the agent-based packages available for programming languages such 
as R, and Python

While we aim to discuss commercial, free, and open-source tools and soft-
ware, we tend to focus more on open-source and free software. We aim to provide 
a brief overview of the available tools. The overview will compare the different 
tools, highlighting the pros and cons of each.

One widely used agent-based modeling tool is NetLogo (Wilensky, 2023). 
NetLogo was developed in 1999. It is based on StarLogo, an agent-based model-
ling tool developed by MIT Media Lab in 1989 (Wilensky, 2023). Both NetLogo 
and StarLogo are open source. However, it should be noted that the open-source 
version of the StarLogo is known as Open StarLogo. While StarLogo is more 
commonly used in education, NetLogo is used in education and research (Wilen-
sky, 2023).

NetLogo’s main advantages are its simplicity and extensibility. The models are 
developed using the simple NetLogo language. A basic model consists of agents, 
procedures, and variables. There are four types of agents. The first are patch-
es, which make up the world of the model. The second are turtles, which move 
around the patches. The third are links, which connect turtles. The last agent is the 
observer, who observes and instructs the other agents. NetLogo is very extensible. 
R, Python, and other tools can be used to develop extensions to it. Additionally, 
there are packages that allow interfacing and embedding NetLogo models in R 
(Thiele, 2014) and Python (Gunaratne & Garibay, 2021), which allow access to a 
massive set of statistical and machine learning tools. It also allows more flexible 
multi-system modeling through its LevelSpace extension (Hjorth et al., 2020).

AnyLogic (2023) is multi-approach software for building discrete event, sys-
tem dynamics, and agent-based models. It is commercial software with a free per-
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sonal learning edition. The software has been used in academia and large corpo-
rations. One main advantage is that the models can be built using both graphical 
and code-based frameworks. It is also available for multiple operating systems.

There are very few Agent-Based Modelling packages in R. The ABM package 
provides a flexible framework for building and simulating agent-based models. 
The package can handle millions of agents and simulate the models in continuous 
time. AgentSim is another package. The package appears to be in its inactive 
experimental stage. The gym-R package (Hendricks, 2016) provides an interface 
to the Open AI Gym toolkit (Brockman et al., 2016). The Open AI Gym toolkit 
has been developed as a Python package to provide a framework for testing re-
inforcement learning algorithms rather than for developing agent-based models. 
However, the toolkit can be used to build Agent-Based Models.

NetLogo and Model Building Primer 

Figure 6 shows the NetLogo Integrated Development Environment (IDE). The 
IDE has four main parts. The first is the interface. The interface is where the mod-
eler designs the graphical interface of the model. Buttons, input fields, sliders, 
menus, output fields, and plots can be added to the interface to facilitate model 
parameter settings and output observations. For example, in our model, we have 
eleven sliders, two buttons, one switch, two plots, and two output fields. The in-
terface components can be added using the add button. Each component can be 
configured in the interface by right-clicking on the component and choosing the 
edit option. The names of the sliders will be used as global variable names, which 
are case-insensitive. The setup button initializes the model, and the go button 
simulates the model. The second part is the info tab, which contains the docu-
mentation of the model.  The third is the code tab, which contains the model code. 
The fourth is the command center. The command centre can be very useful in 
debugging and testing stage.
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Figure 6: Netlogo Agent-Based Models Integrated Development Environment

The interface is primarily used for the model's initial experimentation. Not all 
model parameters must be defined within it; some can be defined within the code. 
Studies based on simulation models, such as agent-based models, require a large 
number of replications in order to get a more precise conclusion. One can do this 
either by using the NetLogo’s BehaviorSpace tool or by interfacing the model 
with an external programming tool such as R-language. We will first explain the 
main parts of the code of our model and then illustrate how those tools can be used 
to analyse the model.
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The code begins with definitions of agent types and variables. In our model, 
we have one type of agents: traders. The traders can be long-term homeowners 
or flippers. We can define the type of agent using the breed command as follows:

breed [traders trader]

Global variables can be defined as follows:

globals [
  current-period          
  market-average-price  
  transaction-prices]

The current-period is a clearer name for the default global variables that track 
the current period which is “ticks”. The market-average-price is the average price 
of the transactions at each period. The 'transaction-prices' is a list variable that 
records the prices of all completed transactions at each period.

Additionally, we have traders' specific variables. The traders' specific varia-
bles can be defined as follows:

traders-own [
  role
  purchase-price
  periodic-income
  purchase-period  
  markup
  sell-after-period
  wealth                 
  mwtp                 
  has-house?             
  reservation-price      
]

The role is used to assign a role for the trader: a long-term homeowner or a flip-
per. The purchase-price records the most recent transaction price for each trader. 
The periodic-income is the trader earned income per period. The purchase-period 
records the period of the transaction. The sell-after-period records the number of 
periods after the purchase period at which the long-term homeowner would be 
able to sell the house. The wealth is the endowed wealth of the trader. The mwtp 
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records the maximum willingness to pay for a house for each trader. A buyer will 
only buy a house if the seller's offer price is less than or equal to the maximum 
willingness to pay and the buyer can afford it. The has-house? is a Boolean vari-
able that designates whether the trader owns a house (a potential seller) or not (a 
potential buyer). The reservation-price records the minimum price the long-term 
homeowner seller would accept to sell.

In NetLogo, the setup procedure consists of all the model initialization state-
ments as follows:

to setup
  clear-all
  set market-average-price 0.5
  set transaction-prices []

  create-traders N [
  	 set wealth random-normal 1.2 0.2 ; Normal distribution, mean = 1, std = 0.2
    set has-house? false
    set mwtp mwtp_avg + random-float 0.5 ; Random value between mwtp_avg and 1

    ifelse allow-periodic-income?
    [set periodic-income random-gamma 0.1 1]
    [set periodic-income 0]
  ]

  ; Assign traders roles
  let flippers n-of Nar traders
  ask flippers [
    set role "flipper"
    set markup Mkup         ; flipper's markup percentage
    set purchase-price 0  ; Will be updated when house is purchased
  ]
  ask traders with [role != "flipper"] [
    set role "longhome-owner"
    set sell-after-period random (Tsellmax - Tsellmin + 1) + Tsellmin
  ]
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  assign-houses

 reset-ticks
end

The setup procedure initializes the global variables: the market average price 
and transaction prices list; it creates N traders and initialize their variables. For ex-
ample, the traders’ wealth follows a normal distribution with mean 1.2 and stand-
ard deviation 0.2. Additionally, the role of each trader is assigned, such that  Nf of 
them are chosen to be flippers, and Nh of the traders are endowed with a house by 
calling assign-houses procedure. The assign procedure is as follows:

to assign-houses
  let house-owners n-of Nh traders
  ask house-owners [
    set has-house? true
    set reservation-price mwtp
  ]
End

The reservation-price is set to equal the maximum willingness to pay. Once 
the model is initialized, it can be simulated by calling the “go” function. The “go” 
function in our model is as follows:

to go
  if ticks >= periods [ stop ]  
  set transaction-prices []  
  ask traders with [has-house?] [
    attempt-sale
  ]

  update-market-average-price
  ask traders [
      set wealth wealth + periodic-income
      set mwtp mwtp + mwtp * inflation-rate
  ]
  set current-period ticks
  tick
end
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The simulation, as represented in the 'go' function, first reset the transac-
tion-prices list variable, and then ask all traders with houses to attempt selling 
their houses. This is achieved by calling the procedure: attempt-sale. Traders who 
are long-term homeowners will be able to sell their homes if they satisfy the 
minimum holding requirement. Flippers can sell their houses at any period as 
long as they sell it for profit. Once the trading is complete, the market average 
price is calculated using the transaction prices for the current period by calling the 
update-market-average-price procedure. Traders' wealth is then updated by their 
per-period earned income. Traders also updated their maximum willingness to 
pay for houses if there is inflation. The simulation is then proceeded to the next 
period by calling the “tick” command. The attempt-sale function is as follows:

to attempt-sale
    ; Skip selling if the trader is a longhome-owner and hasn't reached the sell-after-period
    if role = "longhome-owner" and (current-period - purchase-period) < sell-after-period [
      stop
    ]

    ; Find potential buyers
    let buyers traders with [(not has-house?) and (wealth > mwtp) ]
    let successful? false  ; Track if a successful transaction occurs
    ; Determine the minimum price the seller will accept
    let min-price reservation-price
    if role = "flipper" [
      set min-price purchase-price * (1 + markup )
    ]

    ; Each buyer interacts with the seller
    ask buyers [
    if not successful? and random-float 1 < ps [
      let offer mwtp
      if offer >= min-price [
        ; Buyer updates
        set has-house? true          ;; Buyer gains ownership of the house
wealth)
        set wealth wealth - offer    ;; Buyer pays the seller
wealth)
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        set reservation-price offer  ; Update buyer's reservation price

        ; Track purchase period for longhome-owners
        if role = "longhome-owner" [
          set purchase-period current-period
        ]
        ; Update purchase price for flippers
        if role = "flipper" [
          set purchase-price offer
        ]

        ; Seller updates
        ask myself [
          set has-house? False ; Seller no longer owns a house
wealth)
          set wealth wealth + offer   ; Seller receives payment
        ]

        ;; Mark the transaction as successful
        set successful? true
      ]
; Record the transaction price
      set transaction-prices lput offer transaction-prices  
    ]

  ]

Model Simulation

In what follows, we will explain and illustrate the basic process of interfacing 
NetLogo in R with some code snippets. The first step is to install Java 8 JDK, 
rJava and RNetLogo package. Once installed and loaded in R, one needs to first 
start NetLogo from R and that is by calling the function:

NLStart(NetLogoPath, gui = TRUE,nl.jarname = "netlogo-6.2.1.jar"),

where NetLogoPath is the location of the NetLogo application in the drive, 
and nl.jarname designates the version of the NetLogo. As we have mentioned, we 
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need to start NetLogo with GUI because of some version compatibility issue in 
loading NetLogo models from R. Ideally, once we start NetLogo we can load the 
model by calling the function

NLLoadModel(modelPath),

where the modelPath contains the location of the model in the drive. However, 
while the documentation of RNetLogo states the requirement of NetLogo version 
6 or greater, the NLLoadModel has some issues with version 6.2.1. In that situa-
tion, one can load the model from the GUI of NetLogo once started. Hence, the 
GUI option in the NLStart function should be set to TRUE.

Once NetLogo is started, and the model is loaded, NetLogo commands can be 
executed by calling the function:

NLCommand(“NetLogo command”)

For example, we can call the setup function as follows

NLCommand(“setup”)

Variables' values can be retrieved by calling the NLReport function as follows

VariableValue <- NLReport(“name of the variable”)

Thiele (n.d.) explains how to simulate a NetLogo model in R by utilizing mul-
ti-core processors using the Parallel package.

BehaviourSpace is an alternative tool for simulating NetLogo model. The tool 
is integrated with NetLogo, and can be accessed from the tools menu. Figure 7 
shows the simulation or experiment setup window. The tool simulates the model 
for every combination of variables values as listed in the “Vary variables...” box, 
and it calculates the required measures according to the commands listed in the 
“Measure...” box. For example, we can simulate our model for two values for 
the ‘ps’ variable, report the market-average-price for each simulated step, and 
replicate the simulation ten times, by setting up the simulation as shown in Figure 
7. The simulation results are to be exported as a spreadsheet or CSV file. The 
BehaviorSpace tool can utilize multicore processors. The number of cores used 
when the simulation or the experiment is run can be specified when running the 
simulation.
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Figure 7: Behaviorspace Simulation Setup Window

Installation and Troubleshooting

NetLogo website provides a very detailed documentation on the installation, 
loading, and running models. The development environment of NetLogo is very 
user-friendly. However, interfacing NetLogo with R can be a daunting task, as one 
may face some compatibility issues. I suggest that you first install the following 
in the specified order to ensure a smooth interfacing.

1.	 First install Java 8 JDK.
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2.	 Install rJava library in R.

3.	 Install RNetLogo library in R.

4.	 NetLogo version 6.0.3.

RNetLogo relies on rJava, which itself relies on Java JDK 1.2 or higher. How-
ever, RNetLogo requires Java JDK 8 or higher. We recommend installing Java 
JDK 8. It should be noted that you can install multiple versions of NetLogo. You 
can specify the desired version to run in R. 

Sensitivity Analysis

We conduct sensitivity analysis on two main assumptions. First, non-flippers 
or long-term homeowners discount their prices if the potential buyers do not ac-
cept their offers. The second is that flippers or speculators sell their houses with a 
markup. Our sensitivity analysis is conducted to study the effect of non-flippers' 
discounting assumption and the impact of the markup size by the speculators on 
the effect of both the search cost and number of flippers on the variance of the 
market average price.  The results of the sensitivity analysis are shown in Figure 
8, and Figure 9 . The analysis suggests that the results are robust to discounting 
and markup assumptions. 
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Figure 8: Sensitivity Analysis of the Effect of Search Cost on the Variance of 
Market Average Price
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Figure 9: Sensitivity Analysis of Non-Flippers Discounting and Flippers Markup 
on the Effect of the Number of Flippers on the Variance of Market Average Price
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