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Abstract: This paper introduces an agent-based model of a housing market with macro-prudential policy ex-
periments. Specifically, the simulationmodel is used to examine the e�ects of a policy setting on loan-to-value
(LTV) and debt-to-income (DTI), which are policy instruments several governments use to regulate the housing
market. The simulationmodel illustrates the interactions among the households, the house suppliers, and the
real estate brokers. We model each household in the population as either seller or buyer, and some of house-
holds may behave as speculators in the housing market. To better understand the impact of the policies, we
used the real-world observations from theKoreanhousingmarket, which include various economic conditions,
policy variables, and Korean census data. Our baselinemodel is quantitatively validated to the price index and
the transaction volume of the past Korean housing market. A�er validation, we show the empirical e�ective-
ness of setting LTV and DTI towards house prices, transaction volumes, and the amount of households’ mort-
gages. Furthermore, we investigate the simulation results for the owner-occupier rate of households. These
investigations provide the policy analyses in Korea’s housing market, and other governments with LTV and DTI
regulations.

Keywords: Housing Market, Macro-Prudential Policy, Loan-to-Value, Debt-to-Income, Agent-Based Modeling,
Policy Impact Analysis

Introduction

1.1 Agent-based modeling (ABM) has been used in diverse application areas, such as military, transportation, city
planning, health care, and economics. These application areas have a common understanding on interactions
between individuals within society. Such interactions create the complexity of the modeled domain, and the
modelers expect the complexity to result in the emergence that they observed from the domain. Following this
line of philosophy, various economic situations are modeled by the agent-based models, such as macroeco-
nomic dynamics (Dosi et al. 2010), housingmarket (Baptista et al. 2016; Geanakoplos et al. 2012), and corporate
bonds market (Braun-Munzinger et al. 2016).

1.2 The housing market is one domain of interest that requires modeling between individuals. Any government
needs to stabilize the housingmarket because housing is a fundamental need for their population. To this end,
the governments may intervene in the market with various approaches, from interest rates in the capitalized
society to the enforced redistribution of housing in the communist society. Among these interventions, this
paper explores a set of prudential policies, allowing governments to intervene in the market from the macro
standpoint. Specifically, we are interested in the prudential policies of setting loan-to-value (LTV) and debt-to-
income (DTI).

1.3 Both LTV and DTI policies regulate the upper limits of mortgages that banks provide to households. The LTV
policy limits the amount of mortgage loans to below a certain percentage of the collateral price. Similarly, the
DTI policy limits the total amount ofmonthly debt repayments to belowa certain percentage of the household’s
monthly income. A�er the great recession, the chronic low interest rate has continued in advanced economies,
to stimulate their economy. As a result, a number of countries have faced a surge in housing prices and credit
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extension in the private sector. The LTV and DTI policies are drawing attention as a newway to cope with rising
housing prices and household credit. These policies have been adopted by South Korea, China, Netherlands,
Poland, etc (Crowe et al. 2013; Jacome & Mitra 2015).

1.4 The settings of LTV andDTI are based on the interaction between themacro and themicro layers. It is di�icult to
di�erentiate the LTV and DTI setting per each entity (for example, households in the housing market), so those
settings o�en occur at the macro level. However, each household reacts to the settings of LTV and DTI di�er-
ently because of inherent di�erences of personal income, asset holdings, loan status, risk preference, etc. This
heterogeneity calls for an agent-based model (Tesfatsion & Judd 2006; Turrell 2016), and this paper describes
how to capture and implement the key aspects of such a model.

1.5 In this paper, the agent-basedmodel simulates housingmarket operations with interactions among the house-
holds, house suppliers, and real estate brokers. Wemodel households to be either sellers or buyers, and some
of households may behave as speculators in the housing market. The households interact with each other
through a rule-based market mechanism moderated by the real estate brokers. Also, the outside influence is
modeled by house suppliers, so the external input can be calibrated. Through a virtual period of simulations,
we observed the macro market status as well as the micro agent states.

1.6 Given theabove simulationmodel,weevaluatedLTVandDTIpolicies via a virtual experimentdesign. Before the
experiments, we calibrated and validated our simulation model with the Korean housing market. A�er valida-
tion, we constructed experiments with diverse settings of the LTV and DTI to investigate the following research
questions.

Motivation of modeling and simulation

1.7 To clearly provide our motivation in building a simulation model with experimental designs, we enumerate
three research questions to test via simulations and statistical analysis.

1.8 RQ1. Identify the impact of changes in LTV and DTI regulations on the housingmarket.
We selected the house price index and transaction volume as indicators of interest among several indicators
of the housing market. We statistically analyzed the e�ect of LTV and DTI regulation changes on the selected
indicatorswithin the proposedmodel. Lastly, we confirmed the validity of ourmodel bymatching the statistical
analysis results to those of previous empirical studies sharing the same research question.

1.9 RQ2. Identify the impact of changes in LTV and DTI regulations on the households.
For indicators, we selected the average mortgage amount per unit household and the owner-occupier rate.
Similar to RQ1, we conducted statistical analyses for the selected indicators. From the result of the average
mortgage amount, we confirmed that LTV and DTI regulation operate as designed1 within the proposedmodel.
Additionally, the owner-occupier rate is one of the indicators that measure the housing distribution situation
(Fuller et al. 2020). The result of the owner-occupier rate provides policy implications for the e�ects of LTV and
DTI regulation in terms of housing distribution.

1.10 RQ3. Identify the impact of changes in LTV and DTI regulations on household subpopulation classified by
income level.
We calculated the average mortgage amount and the owner-occupier rate for the bottom 20% of households
classified by income; for convenience, we will call this subpopulation a lower-income class. We compared the
impact of LTV and DTI regulations on the lower-income class with the impact on the entire group of households
calculated in RQ2. Regarding the averagemortgage amount, we conjectured that the benefits of amortgagedif-
fer for each subpopulation according to LTVandDTI regulation changes. Furthermore, for the comparisonof the
owner-occupier rate, we confirmed that the di�erences in benefits obtained frommortgage lead to di�erences
in the owner-occupier rate.

Previous Research

2.1 This paper introduces an agent-basedmodel of housing markets with LTV and DTI interventions. This research
ismotivatedby three aspects. First, the traditional analyses have been introducedwithwell-established econo-
metric approaches, so this venue represents an economic perspective. Second, there is a group of papers that
utilize simulation models ranging from system dynamics to agent-based models on the housing markets. Fi-
nally, this paper is directly related to agent-basedmodels of housing markets.
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Traditional analyses of housingmarkets

2.2 The housing market is one of the largest capital markets and has been subject of numerous economic stud-
ies. This subsection introduces some previous research sharing our research questions. Jacome & Mitra (2015)
investigated the e�ectiveness of LTV and DTI in six regions. They empirically suggest that tightening LTV and
DTI regulations would lower the house prices, amount of mortgages, and the real GDP in the long run. They
designed experiments to analyze policy e�ects by di�erentiating the level of regulations, which we also with
similar results.

2.3 Igan & Kang (2011) conducted similar research investigating the e�ectiveness of LTV and DTI by focusing on the
South Korean market. They divided South Korea into the metropolitan area and the non-metropolitan area
and analyzed the impact of policy on each region. Our proposed model also covers the metropolitan and non-
metropolitan areas, which have di�erent residential property distributions and housing resources.

2.4 Kuttner and Shim empirically estimated the impact ofmonetary policy andmacro-prudential policies on hous-
ingprices and credit (Kuttner et al. 2012). They applied aneconomicmodel, connecting interest rates andhouse
prices (Himmelberg et al. 2005), to their regressionmodel. They reported thatmacro-prudential policies have a
stabilization e�ect on housing prices and credit cycles. Most economic papers, including thosementioned, are
focused on investigating the countercyclical e�ect ofmacro-prudential policies (Christensen 2011; Cussen et al.
2015; Kannan et al. 2012). In addition to the intended aspects of the policies, we examined the policy e�ect on
housing distribution, which demonstrates the unintended e�ect of the macro-prudential policies.

Simulationmodels for housingmarkets

2.5 If we limit the scope to theoretical studies, which verify the impact of policies on the housing market, the eco-
nomicmodel proposed inmost studies is in the formof dynamic stochastic general equilibrium (DSGE)models.
For example, Iacoviello (2005) presented one of the most well-known basic macroeconomic DSGE models of
housing markets. The distinctive feature of Iacoviello’s model is an alternative modeling on houses as collat-
eral objects of loans. Using the proposed model, he confirmed the response of other economic indicators to
shock in monetary policy, house price level, and GDP. This is an important development in our model because
our policy analyses using LTV and DTI fundamentally hinge upon the microscopic aspects of the loans, and we
share his perspective on representing a house as a potential collateral set. Having noted its importance, Ia-
coviello did not model the reactions of each household by changing LTV and DTI. This reaction modeling of a
household cannot be easilymodeled by a DSGEmodel because such amodel is inherentlymacroscopic, so this
paper is based on further motivation to utilize an agent-basedmodeling paradigm.

2.6 Lambertini et al. (2013) presented the optimal combination of LTV and interest rate policies from the perspec-
tive of saver, borrower, and social welfare. This work is similar to our policy experiments given that they use
LTV, but we treat the interest rate as a parameter rather than an experimental variable. We chose this exper-
imental design because we agree with Bernanke’s claim that monetary policy is a blunt tool to be used for a
macroprudential purpose (Bernanke 2011).

2.7 Mendicino&Punzi (2014) investigated the stabilization e�ect of LTV regulation andmonetary policy. Their study
concludes that the optimal policy from the social welfare perspective is setting LTV to be the inverse of housing
price dynamics. This optimality in social welfare is calculated from the macroscopic viewpoint, so we cannot
comprehend the actual living aspect of each household, i.e., owning a house with a certain debt.

2.8 Gelain et al. (2012) analyzed the e�ects of several policies aimed at reducing market volatility, such as LTV, DTI,
and leverage regulations. They illustrate that the DTI constraint is the most e�ective policy to reduce market
volatility. This work has almost identical variables to our simulation models, so our work is comparable to
Gelain et al. at a certain abstraction with a di�erent modeling paradigm.

2.9 In general, most DSGEmodels anticipate the housingmarket to be homogeneous. Assuming that our intention
for LTVandDTI policies is preventing speculative activity (Jacome&Mitra 2015), the target subject of thepolicies
is a subgroup, not a whole population. Therefore, the homogeneous property of the DSGE model may lead to
inaccurate policy implications for policy-makers. As an alternative, an agent-basedmodel can complement the
DSGEmodels because of its heterogeneity.

Agent-basedmodels for economic analyses

2.10 Gilbert et al. (2009) proposed an agent-based housing market model modeled on 50×50 size grid. They sug-
gested that the proposed model reproduces several stylized facts of the real-world housing market (i.e., the
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sticky-downward property of the houses). Similarly, Ge (2013) proposed a spatial housing market model with
the agent-based approach. Using the proposedmodel, Ge (2013) argued that lenient lending policy is responsi-
ble for the housing price bubble. However, since spatial models are assumed to have limited grid space, there
are limitations in modeling new house supplies compared to non-spatial models.

2.11 Axtell et al. (2014) created a model of the housing market of Washington D.C. with the agent-based approach.
Their model depends on the concept of the auction, which assumes that the buyer with the strongest purchas-
ing power selects his/her desired house foremost. The heterogeneity of agents is modeled through calculat-
ing the purchasing power, which is calculated with the function of income, economic and policy status, and
willingness to pay. "Willingness to pay" also represents the characteristic of an individual agent, which is also
implemented in our model. They found low e�ectiveness of tightening interest rates in attenuating the price
bubble, while we consider a di�erent policy setting such as LTV and DTI.

2.12 Baptista et al. (2016) investigated the e�ects of macro-prudential polices in a variety of situations when house-
holds have di�erent attitudes toward investments. They extended the existing housingmarketmodel in several
directions. First, they introduceda realistic life cycle concept embedded inhousehold agents, so themodel sim-
ulates a relatively long period of multiple decades in the real-world. Second, they separated household agents
as the renter, owner-occupier, and buy-to-investor. This discrete categorization is di�erent from Axtell et al.’s
work as well as ours; we suppose that a single household agent can have one of several behavioral modes
probabilistically and iteratively. The probability of that behavioralmode is determined by heterogeneous char-
acteristics of individual agents, economic conditions, and policies. Finally, they introduced a double-auction
market mechanism concept instead of Axtell’s single-sided auction model.

2.13 Recently, Laliotis et al. (2019) proposed a housing market model that aligns to Axtell et al.’s model. They cal-
ibrated the proposed agent-based model for each real-world data from several European countries. In each
calibrated model, they implied that the LTV regulation policy has several heterogeneous policy e�ects accord-
ing to applied country characteristics.

2.14 Table 1 compares our proposed housingmarket model with the closest peer models (Axtell et al. 2014; Baptista
et al. 2016; Laliotis et al. 2019). In spite of the similarities between our model and its predecessors, the biggest
di�erence is the implemented market mechanism. The previous models adopted auctions to implement the
housing market. However, we conjecture that the main feature of the housing market is its ine�iciency based
on information asymmetry compared to other asset markets. To better reflect this property, we introduce the
brochure concept which provides only limited information to buyer agents in the market mechanism.

Proposedmodel (Axtell et al. 2014) (Baptista et al. 2016) Laliotis et al. (2019)

Modeling object Republic of Korea Washington DC. United Kingdom European countries

Agent type Households, realtor,
and external supplier

Households, banks Households, banks,
and central bank

Household, banks,
and government

Household type Single household with
stochastic behavioral modes

Buyer and seller Buy-to-let investor,
owner-occupier, and renter

Buyer and seller

Housing market
information

Restricted Fully opened Fully opened Fully opened

Market mechanism Brochure concept Single-side auction Double auction Single-side auction

Public housing
modeling

Explicitly implemented
as external supplier agent

Implicitly implemented Implicitly implemented Implicitly implemented

Mortgage loan
modeling

Implicitly implemented Explicitly implemented
as bank agent

Explicitly implemented
as bank agent

Explicitly implemented
as bank agent

Regulation modeling Implicitly implemented Implicitly implemented Explicitly implemented
as central bank agent

Explicitly implemented
as government agent

Implemented policy LTV and DTI LTV and DTI LTV and DTI LTV

Table 1: Comparison between the proposedmodel and the closest peer models
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Methodology

Modeled agents and objects

3.1 The agent-basedmodel of housingmarkets consists of three types of agents: households, realtors, and external
suppliers. Table 2 summarizes the state variables of agents and house object in the housing market model.

Type Agent State name Description
Agent Household numID Identification number of household

age Householder’s age
education Householder’s educational background
marriage Householder’s marital status
member Household’s number of members
job Householder’s occupation type (o�ice, service, or work)
region Household’s residential region (1: Capital, 0: Non-capital)
savings Household’s balance of saving account
incomeWork Household’s annual wage income
livingHouse House identification number of currently occupied house
ownHouseList List of identification number of owned houses
creditLoan Household’s credit loan balance
creditRepayment Household’s monthly repayment for credit loan

Realtor enrollHouseList List of identification number for listed houses
External supplier numID Identification number of the external supplier
(ES) ownHouseList List of identification number of owned houses

Object House numID Identification number of house
region Region of house (1: Capital, 0: Non-capital)
type Type of house

(1: detached house, 2: apartment, 3: row house)
size Size of house (unit:m2)
quality Quality of house
owner Identification number of house owner (Household or ES)
marketPrice Market price of house (in the case of sale)
holdingPeriod Holding period retained by the current owner
purchasePrice Market price when the current owner purchased the house
mortLoan House’s mortgage loan balance
mortRepayment House’s mortgage monthly repayment
unsoldPeriod Period of failed transactions, a�er the house was listed
resident Identification number of resident
contractPeriod Remaining period of house’s current rent contract
rentDeposit Deposit amounts of house’s current rent contract
rentFee Monthly rental fee amounts of house’s current rent contract

Table 2: List of state variables of the agents and objects

1. Household agents represent individual households andmakedecisions onpurchasing, selling, or renting
ahouse considering the individual’s economic situation (e.g.,monthly income, savings, existing loans, in-
dividual preference and economic conditions). Wehave two thousandhousehold agents in our virtual ex-
periments. The number of actual households in Korea is approximately 20million, so a single household
agent represents 10,000 actual households. Individual household agents are heterogeneous and individ-
ual characteristics of the agents are generated based on Korean census data (Statistics Korea 2015).

2. There is also an external supplier agent representing an institution participating directly in the housing
market (i.e., public organizations and construction companies). The external supplier is responsible for
supplying new houses and public housing. This model also has a realtor agent that mediates house con-
tracts. For simplicity, we set the number of realtors and external suppliers to be one for each category. We
claim that this simplified assumption does not compromise the reliability of themodel and its simulation
result for the following reasons. First, in the real-world, there are a number of realtors with a limited list
of houses for sale, and households get a limited number of listed houses through a few selected realtors.
These are themain characteristics that cause information ine�iciency 2 in the housingmarket. However,
our proposed housing market model adopts the information ine�iciency of the housing market through
the brochure concept. Since the brochure concept, which provides limited information of listed housing,
has the same e�ect as modeling multiple realtors in the model, we set the number of realtor agents to
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one. Next, we focus on modeling the market for house transactions between households instead of the
house supplymarket by construction companies. We agree that one single construction company cannot
cover all house supply and public housing projects in real-world. A number of construction companies
are needed to reduce deadweight loss and prevent problems from monopoly. However, we simplified
external suppliers as one single agent, considering our focus.

3. A house is modeled as an object that is purchased, sold, or rented by household agents. The number
of generated house objects is aligned with the real-world house supply ratio of capital and non-capital
regions. The house objects have a market price attribute, which is updated by the market preference.
Here, the market preference is the aggregated form of the house selection of the household agents. The
initial market price of the house objects is generated from the Korean census data, which is also used for
generating household agents. Each house object has a fixed quality attribute sampled from the house
price distribution at the initial stage of the simulation. We include quality of houses as one determining
factor in the process of selecting house by household agents.

Market mechanism comparison

3.2 Similar to the previous housing market agent-based models, we modeled the individual households’ decision
making relate to market participation and housing contracts. Among the states, the housing price is a major
state variable that is directly influenced and updated by the household’s preference, and we call this price up-
date process amarketmechanism. Instead of the auction concept, whichwas adopted as amarketmechanism
in most previous studies, we proposed a brochure concept as a replaceable market mechanism.

3.3 There are two major di�erences between the auction concept and the brochure concept. First, in the model
with the brochure concept, the buyer household receives a brochure, that only contains a limited number of
houses. Second, the price of houses is updated a�er the transaction process using the transaction result. The
buyer can not negotiate housing prices during the transaction process. In contrast to the brochure concept, the
auction concept dictates that the buyer participates in every auction of all listed houses in the market, and the
price update process is conducted simultaneously with the transaction process. Due to these di�erences, we
believe that the brochure concept is a suitablemarketmechanism to take the housingmarket’s less informative
and less e�icient properties into consideration.

Implementation details

3.4 Our model is implemented with PyDEVS, which is a DEVS simulation engine in Python. DEVS is a formalism of
describing the discrete event system specification. The DEVS formalism is one of the modeling methods that
specify discrete events, their processors, and their connections between processors, introduced by Bernard P.
Zeigler (Zeigler 1984). TheDEVS formalism is appropriate in describing a complexmodelwithmany interactions
between agents due to its hierarchical property.

3.5 The formalism consists of two types of specifications: an atomicmodel and a coupledmodel. The DEVS atomic
model corresponds to an individual agent, and the atomic model specifies 1) state changes by external inputs
and 2) state changes by internal time advances. However, for convenience of semantic delivery, we reported
the behavior of individual agents in descriptive texts instead of an atomicmodel diagram in the Agent behaviors
subsection.

3.6 Next, the DEVS coupled model depicts the interaction between atomic models. Figure 1 illustrates the DEVS
coupled model, showing the interaction of the components in our model. In the coupled model specification,
X and Y specify the input and output of the coupledmodel, respectively, andM specifies the components of the
coupledmodel. The external input coupling (EIC) specifies the information flow from the external model to the
internalmodel of the coupled structure. Similarly, the external output coupling (EOC) specifies the outgoing in-
formation from the internalmodel of the coupled structure to the externalmodel. Finally, the internal coupling
(IC) depicts the couplings froma component output to a component inputwithin the coupled structure. For ex-
ample, in Figure 1, OPERATOR sends themarket round signal to Household through the EIC of Housing Market.
Having said that, OPERATOR and Housing Market resides at the same level, so their coupling is identified as IC.
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OPER-SIM

OPERATOR
IC

Housing Market

Household

External

Supplier

Realtor

IC

IC

EIC

EIC

EIC

EOC

EOC

EOC

Coupled model – OPER-SIM:

X = { }

Y = { }

M = {Operator, HousingMarket}

EIC - { }

EOC - { }

IC - {{Operator.startList, HousingMarket.startList},

{Operator.startBuy, HousingMarket.startBuy},

{Operator.startUpdate, HousingMarket.startUpdate},

{HousingMarket.endList, Operator.endList},

{HousingMarket.endBuy, Operator.endBuy},

{HousingMarket.endUpdate, Operator.endUpdate}}

Coupled model – Housing Market:

X = {startList, startBuy, startUpdate}

Y = {endList, endBuy, endUpdate}

M = {HH, ES, Realtor}

EIC - {{HousingMarket.startList, HH.startList},

{HousingMarket.startList, ES.startList},

{HousingMarket.startBuy, HH.startBuy},

{HousingMarket.startUpdate, HH.startUpdate},

{HousingMarket.startUpdate, Realtor.startUpdate},

{HousingMarket.startUpdate, ES.startUpdate}}

EOC - {{HH.endList, HousingMarket.endList},

{ES.endList, HousingMarket.endList},

{HH.endBuy, HousingMarket.endBuy},

{HH.endUpdate, HousingMarket.endUpdate},

{Realtor.endUpdate, HousingMarket.endUpdate},

{ES.endUpdate, HousingMarket.endUpdate}}

IC - {{HH.requestList, Realtor.requestList},

{ES.requestList, Realtor.requestList},

{HH.requestHouseInfo, Realtor.requestHouseInfo},

{Realtor.sendHouseInfo, HH.sendHouseInfo},

{HH.sendDecisionInfo, Realtor.sendDecisionInfo},

{Realtor.sendContractInfoBuy, HH.sendContractInfoBuy},

{Realtor.sendContractInfoSell, HH.sendContractInfoSell},

{Realtor.sendContractInfoSell, ES.sendContractInfoSell}}

Figure 1: DEVS coupled model of housing market model

Agent behaviors

3.7 To understand the model behavior, we illustrate three basic behaviors in the house transactions, which are
list process, buy process, and update process. Our simulation iteratively executes the three behaviors over the
simulated period.

3.8 Weregardone iterationof these threeprocessesasonesimulationstep, andweassumethatonesimulationstep
matches onemonth in terms of the real-world. Accordingly, we used the real-world values of the corresponding
month as the value of the dynamic parameters. In addition, we adjusted the value of model parameters, which
are not derived from the real-world, to the month scale by using the monthly validation data in the output
validation.

List process

3.9 In the list process, the household agents and the external supplier agent list their houses to sell or to rent in
the market. First, the agents decide whether to list their houses on the housing market. The following is the
decision process of the household agents. Also, Figure 2a shows the flow chart of the list decision process.

1. Household agents identify vacant houses among their houses from the expiration of a rent contract or
the purchase of a house.

2. Depending on the agent’s type of living, the household agents decidewhether tomove to a vacant house.
This decision is required when there is at least one vacant house.

(a) If the household agent has no living house, the agentsmove to one of the vacant houses. We assume
that the house is randomly selected. The selected house is deleted from the list of vacant houses.

(b) If the living type of the household is rent, the agents do not move to a vacant house.

(c) If the living type of the household is owner-occupying, the agent decides whether to move, based
on the parameter "HM: house moving rate". If the agent decides to move, then the agent initiates
moving to one of the vacant houses. We assume that the house is randomly selected. The selected
house is deleted from the list of vacant houses, and the previously occupied house is added to the
list of vacant houses.

3. If the agent’s savings are negative and the list of vacant houses is empty, one randomly selected non-
vacant house, among owned houses, is added to the list of vacant houses.

4. Finally, the agent sends the list of the vacant houses to the realtor agent for sale or rent.

JASSS, 23(4) 5, 2020 http://jasss.soc.surrey.ac.uk/23/4/5.html Doi: 10.18564/jasss.4410



3.10 The external supplier agent generates a number of vacant houses at each simulation time point, reflecting the
real-world housing supply rate. The external supplier agent sends the list of vacant houses, including newly
constructed houses, to the realtor agent for sale or rent. The realtor agent lists the houses gathered from the
household agents and the external supplier agent in the market.

Num. of

owned vacant houses

> 0

True

List vacant houses

on the market

Start

End

Current

living type

Moving to one of

owned vacant houses

Determine

whether to move

in probability

True

Owner-occupier

No living house

Rent

False

savings < 0
If there is any vacant house,

sell one of the owned houses

False

True

(a)

salePar cipa on = False

rentPar cipa on = False

Current 

living type

True

False
Owner occupier

Current 

living type -2

No living house Rent

!startBuy

salePar cipa on = True

rentPar cipa on = True

X ~unif(0,1)

< par cipa on

Rate

Owner occupier

or rent

salePar cipa on = False

rentPar cipa on = False

salePar cipa on = True

rentPar cipa on = False

salePar cipa on = True

rentPar cipa on = True

salePra cipa on or

rentPar cipa on

Next State = 

Buy 

Next State = 

endBuy

True

False

Start

End

(b)

Figure 2: Flow charts for list and buy processes

Buy process

3.11 In the buy process, the household agents purchase or rent a house for living or investment purpose. The house-
hold agents follow the below sequential decision-making process.

1. First, household agents determine whether to participate in the market. Then, household agents decide
whether to purchase or rent by choosing their dealing type. Figure 2b represents the flow chart of this
decision process. Instead of discrete agent categorization such as renters, first-time buyers, and buy-to-
let investors of existing studies, household agents probabilistically determine the behavioral mode for
market participation. The behavioral mode probability is a�ected by the agent’s economic and housing
situations.

(a) If the household agent has no living house, the agent must participate in the market. The dealing
type is determined stochastically, using a Bernoulli trial with the parameter "SP: sale probability".
In this case, the agent participates in the market as a renter or first-time buyer.

(b) If the living type of the household is rent, the agent determineswhether to participate in themarket,
according to the parameter "PP: market participate probability". If the agent decides to participate
in the market, the dealing type is set to purchase. In this case, the agent participates in the market
only as a first-time buyer. To simplify the model, the renter does not make another rental contract
until the existing contract ends.

(c) If the living type of the household is owner-occupying, the agent determines whether to participate
in the market, according to the parameter "PP: market participate probability". If the agent decides
to participate in themarket, the dealing type is set stochastically by the parameter, "SP: sale proba-
bility". In this case, the agent participates in the market as a buy-to-let investor or homemover.

2. If the household agents decide to participate in the market, the agents determine their preferred house
properties. Then, the determinedpreference properties are delivered to the realtor agent, and the realtor
agent can send back a list of houses that satisfy the preferences. The following are the preference prop-
erties of the house, and we also specify the preference determination mechanisms for each preference
property.
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(a) Region: The household agent uses real-world migration rate data to determine whether to migrate
to another region. If the household agent decides to migrate, the region property is set to be the
migration region. For instance, if the household agent in the capital region decides to migrate, the
preferred region is the non-capital region. On the other hand, the household agent decides not to
migrate, the region property is set to be the same as the current living region.

(b) Maximum price: Formula (1) determines the upper limit of the price of the preferred house.

maximum price = savings+ amountDTI (1)

Here, savings is the value of the household agent’s savings; amountDTI is the maximum mortgage
size limited by the DTI regulation.

(c) Minimum price: Formula (2) determines the lower limit of the price of the preferred house.

minimum price = savings×WTP (2)

Here,WTP is the risky preference of the household agents.

3. The realtor agent selects arbitrary Z houses, which satisfy the household’s preferences, from the listed
houses on themarket. Z is an integer parameter that can control the degree of information asymmetry in
themarket. Throughout this paper, we use ten as the value of Z. The realtor agent sends a brochure with
the information for the selected houses, including their prices, to the household agents.

4. Thehousehold,who receives thebrochure fromthe realtoragent, selectsahouse fromthe listbychecking
its financial a�ordability and quality.

(a) If the household agent decides to purchase a house, Formula (3) is used to calculate the maximum
a�ordable budget.

affordable budget purchase = WTP × [min(amountLTV, amountDTI) + savings] (3)

Here, amountLTV is the maximummortgage size limited by the LTV regulation.
If the house price satisfies the following conditions, the house is a�ordable.

affordable budget purchase ≥ marketPrice+ tax acquisition (4)

Here, tax acquisition is the acquisition tax amount, and we follow the calculation from the Korean
government.

(b) If the household agent decides to rent a house, Formula (5) is used to calculate the maximum af-
fordable budget. To cover "Jeonse"3 in rental modeling, we add the savings term to the formula.

affordable budget rent = savings×WTP + disposable income÷ (γt/12) (5)

Here, disposable income is the disposable income of the household agent; γt is the conversion rate
for converting the rent deposit to the rental fee at time t.
If the house price satisfies the following conditions, the house is a�ordable.

affordable budget rent ≥ marketPrice× Γt (6)

Here, Γt is the conversion rate for converting purchasing price to jeonse deposit at time t.

(c) If there ismore thanonea�ordablehouses, theagent chooses thehighestqualityhouseas the trans-
action object. If there is more than one a�ordable houses of the same quality, the agent chooses
the cheapest house as the transaction object.

5. Finally, the realtor agent mediates the contract between the buyer agent and the owner agent with the
matched transaction object.
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Update process

3.12 In the update process, the attributes of the household agents and the house objects are updated.

1. The household agent’s incomeWork and savings are updated first. The incomeWork varies according to
the monthly inflation rate. In addition, the savings amount is updated by adding the disposable income.
We assumed that the disposable income can be negative because of loan repayments or taxation.

2. If there is a terminated rent contract, the owner agent returns the rental deposit to the rentee household
agent, and the rentee household agent vacates the house.

3. Next, we update themarketPrice attribute of all house objects according to the market preference. The
marketPrice update consists of the price increment process and the price decrement process.

(a) The price increment process applies to all house objects. Using the market preference value of
houses with the same quality, if the preference value is above a certain preference threshold, the
market price is increased by adding a parameterized increment amount adjusted by the inflation
rate, in Formula (7).

marketPrice = marketPrice× (1 + it +MPu) (7)

Here,MPu is the rate for increasing market price; it is the inflation rate at time t.
If the preference value is lower than a certain preference threshold, the market price is adjusted by
only the inflation rate.

marketPrice = marketPrice× (1 + it) (8)

We set the preference value to be the exponential moving average (EMA) value of the transaction
success rate of houses with the same quality.

(b) The price decrement process only applies to the houses that failed in terms of transaction in the
market (both unsold and not rented). Formula (9) specifies the market price of transaction failed
houses.

marketPrice = marketPrice× (1 −MPd) (9)

Here,MPd is the rate for decreasing market price. The price increment and the price decrement
processes are two independent processes that are executed in turn.

Flow diagram

3.13 Figure 3 shows the flow diagram of the housing market model, including the list process, buy process, and up-
date process. In every process, the household agents proceed in sequence and the order of agents varies ran-
domly. Unlike the auction concept, the brochure concept does not have a mechanism to prioritize when mul-
tiple household agents want to buy the same house. To compensate for this weakness, we assume that the
agent who goes through the process first preempts the desired house. Some agents do not monopolize the
preemption benefits, because the order of the agents changes in each process.

Results

Output validation

4.1 Before starting our policy experiments, we took several steps to make a virtual housing market similar to the
Korean housing market. It is easy to accept that even the same policy can have di�erent e�ects depending on
the target economic conditions. In other words, policy application cases in similar economic conditions give
more accurate and helpful policy implications. In this regard, we used the Korean census data to set the initial
characteristics of the household agents, andweused the actual economic values of Korea asmodel parameters
that represent the economic environment of the model.

4.2 We alse conducted an output validation with the same intention (Manson 2003). We used the real-world house
price index and house transaction volume data for this output validation. Because we used the census data of
2015, when we generated the initial household agents, it is natural that we set 2015 as the starting point of the
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Sim Engine

1: initiateListProcess

Agent: Household

2: findVacancyHouse

3: movingDecision

11: dealTypeDecision

12: houseTypeDecision

15: buyDecision

19: householdAttributeUpdate

20: houseAttributeUpdate

Agent: External
supplier

24: houseAttributeUpdate

Agent: Realtor

21: initiateUpdateProcess_forRelator

22: houseAttributeUpdate

5: sendListRequest

seq Loop for Household

6: initiateListProcess_forES

7: findVacancyHouse

8: houseListDecision

9: sendListRequest

10: initiateBuyProcess

13: msg requestHouseTypeInfo

14: msg houseInfo

16: contractHouse

seq Loop for Household

18: initiateUpdateProcess

seq Loop for Household

23: initiateUpdateProcess_forES

seq Loop for Timestep

interaction Simulation process

4: houseListDecision

17: msg contractInfo

Figure 3: Flow diagram of housing market model

sample period for the validation data. In addition, we set 2017 as the ending point of the sample period because
there have been large policy changes in the Korean housing market since 2018.

4.3 Table 3 enumerates the calibrated parameter values, which are essentially abstract variables that are hard to
be surveyed from the archived data. Mainly, these calibrated parameters are related to the preference and
the utility of individual households. We calibrated these parameters through the design of experiments in a full
factorial setting, andwe selected values to capture the validation data through confidence intervals as in Figure
4. It should be noted that this experimental designwas used for the calibration only, and this design is di�erent
from the experimental design in Table 4, which was aimed at testing the hypotheses with virtual experiments.

4.4 Figure 4 plots a comparison of the simulation output and the real-world data a�er the output validation. The
simulation result is the average value of ten replications, and the colored area in the figure represents the 95%
confidence interval of the simulation results. We also calculated the statistical fitness of the simulation results
with the historical data, using the mean absolute percentage error (MAPE).

4.5 Based on Figure 4, we claim that the model is output validated with regard to the housing price index and
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Type Symbol Name Description Default value
(Source)

Calibrated
value

Static Nh Household number The number of household agents 2000 -
Nr Realtor number The number of realtor agents 1 -
Nh External supplier number The number of external supplier agents 1 -
T Simulation time Max simulation run time

(1 unit = 1 month)
36 -

HSc Housing supply rate (capital) Housing supply rate in the capital area 0.979
(Korea Appraisal Board)

-

HSnc Housing supply rate (non-
capital)

Housing supply rate in the non-capital area 1.065
(Korea Appraisal Board)

-

Dm Mortgage loanmaturity Maturity value of mortgage loans 120
(Korea Housing Finance
Corp.)

-

Dc Credit loanmaturity Maturity value of credit loans 60 No
QR House quality resolution Resolution value of house quality 10 No
HM Housemoving rate Probability of moving to owned vacant houses 0.1 Yes
PPc Market participate probabil-

ity (capital)
Probability of market participation for households
with residential house (capital)

0.007 Yes

PPnc Market participate probabil-
ity (non-capital)

Probability of market participation for households
with residential house (non-capital)

0.002 Yes

WTP Willingness to pay Maximum pay intention ratio of household 0.7 Yes
SP Sale probabilty Probability of determiningdealing type aspurchase 0.3 Yes
Z Number of listed house in

a brochure
Degree of information asymmetry in the market 10 No

α EMA discount parameter Discount parameter values in EMA
(exponential moving average)

0.2 No

K Priority threshold Threshold value of the house price increase process 0.35 Yes
MPu Market price increase rate Market price increase rate of houses 0.007 Yes
MPd Market price decrease rate Market price decrease rate of houses 0.2 Yes
CRq Consumption rate Consumption rate by income quintile (qth quintile) (Statistics Korea) -

Dynamic rt Interest rate Interest rate of loan (Bank of Korea) -
it Inflation rate Inflation rate calculated based on CPI index (Statistics Korea) -
Γt Jeonse-price exchange rate Exchange rate of jeonse deposit to purchase price

for housing
(Kookmin Bank) -

γt Rent-jeonse exchange rate Exchange rate of rental fee and jeonse deposit
(monthly rental fee * 12 / deposit)

(Korea Appraisal Board) -

HTi,t House type proportion Proportion of house type i
(1: detached house, 2: apartment, 3: row house)

(Kookmin Bank) -

HPi,t House price per unit area House price per unit area of house type i
(1: detached house, 2: apartment, 3: row house)

(Kookmin Bank) -

RMc,t Regionmoving rate
(capital)

Probability of non-capital migration of households
living in the capital

(Statistics Korea) -

RMnc,t Regionmoving rate
(non-capital)

Probability of capitalmigrationof households living
in the non-capital

(Statistics Korea) -

LTVt LTV regulation limit Loan-to-value regulation limit (Financial Services
Commission)

-

DTIt DTI regulation limit Debt-to-income regulation limit (Financial Services
Commission)

-

Table 3: List of input parameters used in the housing market model

transaction volume. Furthermore, the output validation result implies that the model is able to reproduce the
following stylized fact. First, from the historical data plotted in Figure 4a and Figure 4b, we find that the capital
region has a steeper rate of rising housing prices compared to the non-capital region. Similarly, the histori-
cal data plotted in Figure 4c and Figure 4d show that the capital region has higher transaction volume levels
compared to the non-capital region.

Policy experiments

4.6 Our policy experiments were designed to identify the impact of changes in LTV and DTI limits on the housing
market and individual households. Table 4 describes the experimental design of the policy experiments. We
used both descriptive analysis and regression analysis to reflect the changes in LTV and DTI. Through the de-
scriptive analysis, we investigated a single variable change of either LTV or DTI. The regression analysis revealed
the joint influence of LTV and DTI on themarkets and households. Formula (10) specifies the baselinemodel for
the regression analysis.

Yi = α+ β1 × LTVi + β2 ×DTIi + εi (10)

4.7 LTVi andDTIi denote the limit value of LTV and DTI regulation in policy case i. β1 is the degree to which the
dependent variable Y changes in reponse to changes in LTV regulation. Similarly, β2 is the degree to which the
dependent variable Y changes in reponse to changes in DTI regulation. We used ordinary least squares (OLS) to
estimate the equation.
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(a) Price index (capital), MAPE: 98.75±0.63% (b) Price index (non-capital),
MAPE: 98.89±0.35%

(c) Transaction volume (capital),
MAPE: 77.25±2.41%

(d) Transaction volume (non-capital),
MAPE: 73.37±2.64%

Figure 4: Comparison of the simulation results with historical data

Variables Variation case Implication
Loan-to-value ∆(LTV)∼ uniform(-0.6, 0.1) The value of∆(LTV) is added to the historical LTV

setting of the sample period, in parallel
Debt-to-income ∆(DTI)∼ uniform(-0.6, 0.1) The value of∆(DTI) is added to the historical DTI

setting of the sample period, in parallel
Policy experiments Number of policy variation cases Number of repeat experiments
Descriptive analysis
- Single-variable cases 100 policy cases:

varies each LTV or DTI respectively
10 replications on each case
(100× 10 = 1000 simulations)

Regression analysis
- Joint-variable cases 200 policy cases:

varies both LTV and DTI simultaneously
10 replications on each case
(200× 10 = 2000 simulations)

Table 4: Experimental design of virtual experiments with macro-prudential polices

Analysis of RQ1

4.8 First, we investigated the impact of the LTV and DTI regulation changes on the housing market. We seleted
the last simulation time-step housing index and the transaction volume as the dependent variables. Figure
5 shows the changes in the dependent variables when the values of LTV and DTI regulations are varied. The
result indicates that tightening the LTV and DTI regulations decreases the housing price growth and the house
transaction volume. This result is consistent with previous empirical studies, which investigated the impact of
LTV and DTI regulation on the housing market (Crowe et al. 2013; Igan & Kang 2011; Jacome & Mitra 2015).

4.9 Table 5 shows the result of the regression analysis, through which we investigated the e�ects of each policy
when both LTV andDTI regulations change simultaneously. Table 5 shows that the relaxation of LTV andDTI has
a significantly positive impact on the housing price index. However, only the relaxation of DTI has a significantly
positive impact on the transaction volume. In addition,we compared themagnitudeof the impact fromLTVand
DTI between the capital region and the non-capital region. According to the comparison between column (a)
and column (c) in Table 5, the changes in LTV have a similar magnitude of impact on both regions, while the
impact of DTI changes has a stronger influence on the capital region. In other words, the LTV regulation has a
consistent e�ect on the target market environment, whereas the e�ect of the DTI regulation varies depending
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on the target market environment.

(a) X: LTV, Y: Price index (b) X: LTV, Y: Transaction volume

(c) X: DTI, Y: Price index (d) X: DTI, Y: Transaction volume

Figure 5: Descriptive analysis of the e�ect macroprudential policies on housing market

Capital price index Non-capital price index Capital Non-capital
transaction volume transaction volume

(a) (b) (c) (d) (e) (f) (g) (h)

Constants 93.7578***
(103.1368)

95.0493***
(103.1368)

93.2159***
(100.3608)

94.1414***
(100.3608)

117080***
(134450)

123990***
(134450)

72116***
(81603)

77296***
(81603)

Macro-prudential policy

LTV 2.1257***
(0.4136)

-0.4476
(-0.0871)

2.1551***
(0.4193)

0.3097
(0.0603)

1058.7
(205.9991)

-12705
(-2472.2)

-4494.0
(-874.4358)

-14824
(-2884.4)

DTI 24.6372***
(4.6886)

20.9692***
(3.9713)

18.0201***
(3.4293)

15.3173***
(2.9150)

49670***
(9452.5)

29511**
(5616.2)

34234***
(6515.0)

19105**
(3635.8)

LTV * DTI 7.6428**
(0.8904)

5.4808*
(0.6385)

40879*
(4762.5)

30679*
(3573.2)

Observation 200 200 200 200 200 200 200 200
R-squared 0.8609 0.8642 0.8094 0.8123 0.3726 0.3824 0.3404 0.3506
Adj. R-squared 0.8595 0.8621 0.8074 0.8094 0.3662 0.3730 0.3337 0.3407

Notes: The table reports the estimation results of the regression analysis. The numbers denote the coe�icient
values of the estimation results. Numbers in parentheses denote standardized coe�icient values. Estimates
with ***, **, * denote statistical significance at the 1%, 5%, and 10% level, respectively.

Table 5: Regression analysis for the impact of LTV and DTI on housing market

Analysis of RQ2

4.10 Next, we investigated the impact of the LTV and DTI regulation changes on the individual household. We used
the last simulation time-step average mortgage amount and the owner-occupier rate as the dependent vari-
ables. As mentioned in the Introduction, we interpret the average mortgage amount as a quantitative proxy of
the benefit, obtained from the mortgage. Furthermore, we interpret the owner-occupier rate as a distribution
proxy of the benefit obtained from themortgage.
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4.11 Figure 6 shows the changes in the dependent variables when each of the LTV and DTI regulations is varied, re-
spectively, and Table 6 summarizes the result of the regression, by which we investigated the e�ects of each
policy when both LTV and DTI regulations change. The results show that the relaxation of both LTV and DTI reg-
ulations has a significantly positive impact on the averagemortgage amount. These results are also consistent
with the results of previous empirical studies, suggesting that LTV and DTI are e�ective policy instruments to
lower the household debt (Crowe et al. 2013; Igan&Kang 2011; Jacome&Mitra 2015;Wong et al. 2011). However,
only the relaxation of the LTV regulation leads to an increase in the owner-occupier rate. The relaxation of the
DTI regulation has no significant e�ect on the owner-occupier rate in the housing market model.

(a) X: LTV, Y: Average mortgage (b) X: LTV, Y: Owner-occupier rate

(c) X: DTI, Y: Average mortgage (d) X: DTI, Y: Owner-occupier rate

Figure 6: Descriptive analysis of the e�ect of LTV and DTI policies on households

Average Lower-income class Owner-occupier rate Lower-income class
mortgage amount averagemortgage amount owner-occupier rate

(a) (b) (c) (d) (e) (f) (g) (h)

Constants 1434.6***
(2122.8)

1787.7***
(2122.8)

255.4183***
(267.2335)

256.0816***
(267.2335)

0.6248***
(0.6403)

0.6308***
(0.6403)

0.4994***
(0.5080)

0.5032***
(0.5080)

Macro-prudential policy

LTV 1068.3***
(207.8704)

364.2574***
(70.8769)

16.5624.0**
(3.2227)

15.3498
(2.9653)

0.0329***
(0.0064)

0.0209***
(0.0041)

0.0207***
(0.0040)

0.0132**
(0.0026)

DTI 529.8892***
(100.8408)

-501.2723***
(-95.3949)

11.5884
(2.2053)

9.6514
(1.8367)

-0.0003
(-0.0000)

-0.0178***
(-0.0034)

-0.0036**
(-0.0000)

-0.0146*
(-0.0028)

LTV * DTI 2091.0***
(243.6118)

3.9280
(0.4576)

0.0355***
(0.0041)

0.0224
(0.0026)

Observation 200 200 200 200 200 200 200 200
R-squared 0.7326 0.8221 0.0363 0.0363 0.6022 0.6281 0.1830 0.1906
Adj. R-squared 0.7299 0.8194 0.0265 0.0265 0.5981 0.6225 0.1748 0.1782

Notes: The table reports the estimation results of the regression analysis. The numbers denote the coe�icient
values of the estimation results. Numbers in parentheses denote standardized coe�icient values. Estimates
with ***, **, * denote statistical significance at the 1%, 5%, and 10% level, respectively.

Table 6: Regression analysis for the impact of LTV and DTI on households
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Analysis of RQ3

4.12 Lastly, we investigated the impact of the LTV andDTI regulation changes on the lower-income class households.
Figure 7 shows the e�ect of changes in LTV and DTI on the average mortgage amount and the owner-occupier
rate of the lower-income class households. Table 6 reports the regression analysis result for the lower-income
class. When we focused our analyses on the lower-income class households, the deregulation of LTV had a
significant impact on increasing the average mortgage amount, and increasing the average mortgage amount
leads to an increase in the owner-occupier rate of the lower-income class. On the contrary, the deregulation of
DTI has no significant e�ect on the mortgage amount of lower-income class households.

(a) X: LTV, Y: Average mortgage (b) X: LTV, Y: Owner-occupier rate

(c) X: DTI, Y: Average mortgage (d) X: DTI, Y: Owner-occupier rate

Figure 7: Descriptive analysis of the e�ect of LTV and DTI policies on lower-income class households

4.13 We conjecture that the underlying reason is the inherent characteristics of the DTI. Unlike the LTV, which is only
influenced by the value of the collateral, the DTI is a�ected by the borrower’s income status. In other words,
the same relaxation on the DTI regulation will dictate the lesser loan increment amount to the lower-income
households and the higher loan increment to the higher-income households. This increment disparity will cre-
ate more severe inequality in the housing market positions of the lower- and the higher-income households
because of the greater demand across entire households on the housingmarket, and because of the increment
in the house price. This result is well aligned with recent empirical studies, suggesting that the expansion of
financial services adversely a�ects economic development (Arcand et al. 2015; Beck et al. 2007; Cecchetti &
Kharroubi 2012) and income distribution (Park & Shin 2017). Furthermore, our result is in line with the study
of Botta et al., which theoretically showed that increasing securitization in the financial system accelerates in-
come and wealth inequality (Botta et al. 2019). Our result suggests one possible channel of the quantitative
expansion of financial services causing wealth inequality, throughmortgages.

Conclusion

5.1 This study introduces an agent-basedmodel of the housing market with LTV and DTI interventions. Our model
uses the brochure concept as a market mechanism, instead of the auction concept. This di�erence makes the
proposed model suitable for modeling the inherent characteristics of the housing market. To enhance model
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reliability,weconductedoutputvalidationandstructural validation to replicate thestylized factsof theprevious
empirical studies. Using the validatedmodel, we investigated the impact of the LTV andDTI regulations on both
macro andmicro levels.

5.2 Our findings o�er the following policy implications on themacro-prudential policies. First, the LTV regulation is
a consistent policy instrument in themarkets. However, the DTI regulation is a policy tool that has inconsistent
e�ects depending on themarkets. In this study, we did not verify which characteristics of the market influence
the magnitude of the DTI regulation e�ect; we le� that for future work. Second, the relaxation of both LTV and
DTI regulations leads to an increase in the averagemortgage amount, but only the relaxation of LTV leads to the
alleviationof thehousingdistribution indicator. In otherwords, the trade-o� relationship between the financial
stability of households and the housing distribution only appears in the LTV regulation. Lastly, we showed that
the lower-income class households are less likely to own a house under relaxed DTI regulations. This result
supports a paradoxical argument that financial development accelerates wealth inequality.

5.3 For further research, using the model, we will identify the e�ect of the LTV and the DTI regulation changes on
the economic variables that are di�icult to observe in the real-world. For example, we will observe the wealth
inequality of the households and the distribution of housing quality by the owner’s income status, through
simulations. Additionally, we expect to see a combined e�ect of the LTV and DTI regulations with monetary
policies and fiscal policies.

Notes

1In Jacome and Mitra’s words, the main goals of LTV and DTI regulation are to stem excessive credit growth
and prevent a boom in house price (Jacome & Mitra 2015).

2Gilbert et al. (2009) modeled a number of realtors to reflect these properties in their model.
3Jeonse is a unique formof housing contract in the Korean housingmarket. See Shin & Kim (2013)’s work for

details.
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