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& Abstract

In the paradigm of the search theory, we established the search model applicable to the characteristics of China's resale housing market, by modeling the
search behavior for buyer and seller, respectively. Setting the parameters based on the Beijing housing market survey in August 2012, we implemented agent-
based simulation to study the dynamics of the search behavior measured by search intensity and search time. Sensitivity test was also used to analyze the
determinants of the search behavior for trading agents. The simulation results validate the idiosyncratic feature of the agent's search behavior, which is
consistent with theoretical analysis. The increase of matching efficiency promotes the agents' search intensities, but the higher unit search cost can reduce

the agents' search intensities. The buyer's search behavior is more sensitive to the change in the market tightness ratio. Brokerage service lowers the
transaction price and lessens the agents' search intensities. Sensitivity test further reveals that, the matching efficiency and the market tightness ratio play very
important role in improving housing market liquidity. The changes in the search cost and the broker commission rate can reduce the agents' search intensities
significantly and there are critical turning points at which the abrupt change occurs.
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& Introduction

1.1 Housing market is a typical market with trading frictions. Within a certain period, considerable vacant houses and home buyers co-exist as unmatched at the
same time, so the housing market is inconsistent with the condition of market clearance. Specifically, the causes for trading frictions in the housing market
include four aspects: heterogeneous and multi-attributed goods; private and dispersive transactions; highly asymmetric price information; substantial transaction
costs. Due to the existence of trading frictions, it takes plenty of time for buyers and sellers to search and to match each other, and both parties bear the
transaction costs induced. Considering the relationship of cost and benefit in the search-matching process, the microscopic behavior of buyers and sellers has
significant impacts on the housing price and the market liquidity. Additionally, except the buyers and sellers that are directly involved in the transitions, trading
participants in the resale housing market also include real estate broker as intermediary service provider. Intuitively thinking, at the constant unit search cost,
when the search intensities of trading participants are promoted in the resale housing market, the number of successful matches and the total search costs will
increase, then the economic phenomenon will emerge on the macro level, such as the overshooting of housing price and trading volume, or the fluctuations of
the market liquidity measured by the average time to sell for vacant houses.

1.2 Due to the heterogeneity of goods, imperfect information, transaction costs and other factors, the search activities carried out by market participants are
widespread in the real life. Since the seminal work of Stigler (1961), many scholars have conducted in-depth research over the past decades in the paradigm of
search theory, to explain the subjects such as the search behavior, the price dispersion, as well as the efficiency for resource allocation in these frictional
markets (Diamond 1971; Burdett & Judd 1983; Hosios 1990). Currently, the search theory has become an important research area of information economics,
with its broad coverage of labor market, credit market and housing market as mentioned here.

1.3 As to the resale housing market, standard search models assume that homogeneous trading participants apply the sequential search strategy to draw offer
information from the known price distribution. Based on these theoretical models, many scholars analyzed the search process under incomplete information and
market uncertainty, attempted to interpret the formation of housing price and the dynamics of market liquidity with the underlying search behavior (Wheaton
1990; Horowitz 1992; Yavas 1992; Yavas & Yang 1995). Nevertheless, China's resale housing market has its own characteristics in the process of development
and restructuring, therefore, the conclusions drawn from the existing models established for the developed countries could be questionable for the following
reasons: 1) Different market environments. China's resale housing market is confronted with serious information asymmetry, and the trading participants need
bear high transaction costs. By contrast, the resale housing market is relatively mature in most developed countries, with high information efficiency and low
transaction costs. 2) Different trading systems. China's resale housing market started up its commoditization process in 1998, and the trading system is still in
the fledging period. By contrast, comprehensive financial systems and brokerage services have been established for long in developed countries, such as the
Multiple Listing Service (MLS) in North America; 3) Different behavioral patterns. Compared with the market survey on the search behavior in China and other
developed countries, the behavioral patterns of trading participants have reflected prominent disparities, such as the search time. For instance, the micro data
from National Association of Realtors (NAR) in the U.S. indicates that, median time on the market (TOM) is 7.3 weeks for sellers, 8.2 weeks for buyers
(Genesove & Han 2012). By contrast, the survey in China's housing market shows that the TOM is 17.8 weeks for sellers and 29.2 weeks for buyer Guo et al.
2012; Zhang et al. 2012).

1.4  For the above reasons, we construct the search model applicable to the characteristics of China's resale housing market by modeling the search behavior for
market participants consisting of buyers, sellers and brokers. With the application of the theoretical model, we use the survey data of China's housing market to
set the model parameters, and then simulate the dynamic process of the agent's search behavior and its influencing factors. Specifically, the search behavior of
the trading agent is measured by search intensity and search time. Furthermore, the seller's search time or so-called TOM is also a useful indicator for the
housing market liquidity (Krainer 2001). Compared with the past research, this article makes substantial contributions as follows: 1) by addressing the
characteristics of China's resale housing market, this article is the first to investigate the micro-level behavior of the housing market participants in the context of
a transitional economy; 2) by introducing the intermediary brokerage service commonly seen in China's resale housing market, we attempt to build a theoretical
search model with the joint participation of buyers, sellers and brokers; 3) by applying the multi-agent technique, we simulate the search behavior of trading
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agents, and conduct the sensitivity analysis for its determinants based on the micro data obtained from the housing market survey.

The remainder of the article is organized as follows: Section 2 reviews existing search models and applications of the agent-based modeling in the housing
market; Section 3 summarizes the characteristics of China's resale housing market, and establishes theoretical search model with the joint participation of
buyers, sellers and brokers; Section 4 calibrates the parameters according to housing market survey in Beijing, and implements agent-based simulation for the
search behavior of trading participants; Section 5 concludes the article, and makes suggestions for the future research.

Literature review

With trading frictions in mind, many scholars studied the search behavior of the housing market in the paradigm of the search theory, from the perspectives of
the broker (Yinger 1981; Anglin 1997), the buyer (Kim 1992; Turnbull & Sirmans 1993) and the seller (Salant 1991; Horowitz 1992). On the broker's side, Yinger
(1981) built a broker search model of the housing market, analyzed the broker's search behavior and its effects on matching quantities and transaction price.
Anglin (1997) studied the influences of the buyer broker on the matching quality and the bargaining power for both sides. As to home buyers, Kim (992)
constructed a buyer search model, addressed how the buyer search behavior affects the housing price, and implemented the empirical research on housing
demand equation with Hedonic price model. Turnbull & Sirmans (1993) established a buyer search model to study the level of information on the transaction
price. Based on the MLS data in the U.S., empirical findings showed that there was no significant difference in the transaction price for different types of buyers,
which implied that the MLS system and other information disclosure mechanisms could improve the impacts of different information levels and search costs on
the transaction price. From the seller's point of view, Salant (1991) constructed the first seller search model, and found that the seller's list price will decline over
time but increase in the first phase of the house commissioned. Horowitz (1992) also built a theoretical model to describe the seller search behavior, and studied
the relationships among list price, transaction price and TOM.

Based on these search models for housing markets, another strand of literature paid attention to the brokerage service in the resale housing market (Wu &
Colwell 1986; Yavas 1992; Yavas & Yang 1995). Wu & Colwell (1986) extended Yinger (1981) model by including the search-bargaining behavior of the buyer
and the seller, studied the impacts of the search cost on the housing price and the brokerage commission, and discussed the role of the MLS system on the
equilibrium housing price. Yavas (1992) constructed a search-matching model based on the Nash bargaining mechanism, and found that the seller broker can
improve the equilibrium housing price, and reduce the search intensities for buyers and sellers. To expand the model, Yavas & Yang (1995) further introduced
the signaling function of the list price, and the list price was formed based on the agents' valuation, bargaining power, search cost, commission rate as well as
the signaling function.

Early studies mainly focused on one-sided search behavior of the trading participants, and adopted the optimal stopping rule for the partial equilibrium analysis
of the housing market. Because the behaviors of other trading participants are exogenously defined, there are obvious limitations in the one-sided search
model, so as to promote the development of the two-sided search-matching model. Van de Vlist (2002) extended the Burdett-Mortensen model (1998) to build
the housing market matching model, studied the sensitivity of the market equilibrium to the change in the structural parameters. Albrecht et al. (2007)
established a housing market model for opportunistic matching, which further relaxed the assumption of constant reservation prices, so the reservation price of
both sides can be adjusted over time. Novy-Marx (2009), Genesove & Han (2012) designed similar equilibrium matching models of the housing market,
implemented numerical simulation and econometric methods to examine the impacts of exogenous demand shocks on the housing market liquidity respectively,
and verified the price overshooting phenomenon resulted from the feedback mechanism.

Recently, the applications of agent-based modeling / multi-agent system (ABM/MAS) in the housing market have evolved to simulate the urban sprawl
phenomenon, as well as to validate the economic theory and hypothesis. Benenson (1998) designed a multi-agent simulation model for urban residential
choices, where the housing price is defined as a function of the economic status of residents and the value of surrounding dwellings. Torrens (2007) introduced
the housing vacancy chain into the model with geographic agents representing houses and families. A discount mechanism for the price adjustment was
incorporated with varying TOM of vacant houses. Gilbert et al. (2008) developed an agent-based model by capturing main features of the UK housing market,
the dynamics of the housing prices emerged from the interactions of buyers, sellers, and brokers. Devisch et al. (2009) analyzed the price bargaining process
between buyers and sellers, and first described the learning process of individuals from the market transactions. Filatova et al. (2009) developed a multi-agent
simulation model for land market transactions based on the monocentric urban theory, and analyzed the impacts of the market environment on the relative
bargaining power of trading agents. Ettema (2011) adopted a different price formation mechanism, where buyers and sellers can update their perceptions on
trading probability, and the reservation price is discounted with the time. Gangel et al. (2013a, 2013b) applied the ABM to study the foreclosure contagion effect
in the real estate market, and identified the relevant determinants of the foreclosure contagion threshold based on the sensitivity analysis. Meanwhile, Chinese
researchers also incorporated the ABM/MAS technique into housing market simulation, and focused on the spatial distribution of urban residents (Xue and
Yang 2003; Zhang et al. 2004; Tao et al. 2009). In these models, the pattern of the residential choice is drawn following the urban economic theory, but the
micro-level description of the housing transaction process is generally insufficient. As shown in Table 1, some popular platforms such as Swarm and NetLogo
have been widely used for the development of agent-based housing market system. In contrast with Swarm, Repast and others, NetLogo requires less
computational power and offers multiple visible extensions (Wilensky 1999), so we develop our housing market simulation model based on NetLogo.

Table 1: Agent-based simulations related to housing market

Author (Year) Literature Platform
Benenson (1998) "Multi-agent simulations of residential dynamics in the city" Cell Automata
Xue and Yang (2003) "Research on urban evolution using agent-based simulation" (in Chinese) UrbanSwarm
Zhang et al. (2004) "Research on dynamic simulation of Beijing land covering & changing by applying UrbanSwarm
agent modeling" (in Chinese)
Torrens (2007) "A geographic automata model of residential mobility" Hybrid Model
Gilbert et al. (2008) "An agent-based model of the UK housing market" NetLogo
Filatova et al. (2009) "Agent-based urban land markets: Agent's pricing behavior, land prices and urban land NetLogo
use change"
Tao et al. (2009) "Simulation for evolvement of residential spatial patterns in real scene based on multi- Swarm /
agent" (in Chinese) ArcGIS
Devisch et al. (2009) "An agent-based model of residential choice dynamics in nonstationary housing SwarmCity
markets"
Ettema (2011) "A multi-agent model of urban processes: Modelling relocation processes and price PUMA
setting in housing markets"
Gangel et al. (2013a, "Exploring the foreclosure contagion effect using agent-based modeling" Repast
2013b) "Latin Hypercube sampling and the identification of the foreclosure contagion threshold" Simphony
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@ Theoretical search model of the resale housing market

Theoretical analysis of the search behavior for trading participants

3.1  The fundamental role of the housing market is to regulate housing supply and housing demand to match each other. Due to the existence of trading frictions,
when the housing supply increases, vacant dwellings and home buyers cannot match instantly to make the market clearance. Given the large-scale sample in
the housing market, the number that a buyer and a seller can search and select from is very limited. According to the search theory, the search behavior for
trading participants has externality effect, which is reflected not only in the number of searchers, but also in their search intensities. The increase in the number
and the search intensity of the buyer (seller) simultaneously reduces the opportunities for other buyers (sellers), and escalates their search costs. Due to the
existence of the search externality, the matching result in housing market is directly affected by the number and the search intensities of trading participants.
The search externality is one of the basic characteristics in the housing market, and it can be improved through a variety of mechanism design. For example, the
brokerage service provides the filtering mechanism for the housing samples, facilitates both parties to rule out unsuitable matching opportunities, and thus
offsets the search externality to improve the market efficiency; the MLS system in North America shares huge amount of listings, expands the sample selection
space of buyers and sellers and hence improves the overall matching quality.

3.2 On the micro level of the resale housing market, trading participants match each other through their search activities. During the search process, a buyer first
decides the quantity of randomly selected samples within a certain period (i.e. search intensity or search frequency), conducts on-site inspection to acquire the
list price, selects the sample that can provide the highest return, and finally negotiates with a seller to determine the transaction price. On the other side, a seller
adopts the passive search pattern, publishes the list price to notify other trading participants, and waits for buyers' counteroffers. For reasons like market
competition, liquidity preference and future expectations, the reservation prices of buyers and sellers on the same dwelling are mostly different, and the
transaction price is finally decided upon the bargaining result of their reservation prices. Another important trading participant in the resale housing market is the
real estate broker or realtor. The search behavior of a broker covers both sides of the market, in terms of collecting list prices and counteroffers respectively from
sellers and buyers, bringing them together to complete the transaction. Different from the mature housing markets, the intermediary service with the neutral
broker is commonly used in China's resale housing market, and the home buyer pays the broker commission at a certain percentage of the transaction price.

3.3 Based on the theoretical analysis above, this article focuses on the search behavior of buyers and sellers, establishes the search model to describe
microeconomic behavior in China's resale housing market, and explores their intrinsic connections with the housing market phenomenon.

Modeling the search behavior in the resale housing market
Basic assumptions

3.4  We assume that all the housing units are homogeneous, and there are risk-neutral buyers, sellers and brokers in the market. Denote the number of buyers as
Np, and the number of sellers as N. Let the ratio between buyers and sellers 8= N,/ N, as the market tightness ratio.

3.5  Fora housing unit, denote the buyer's reservation price as P,e(0, 1], the seller's reservation price as Pge(0, 1]. Both are private information which is unknown to
each other. Following the Nash bargaining process of buyers and sellers, the range of the transaction price can be defined as [P}, Ps]. Whether a buyer

purchases a dwelling in the final decision-making process depends on the expected return, that is, the joint expectations of buying the home in the current and
the next period under the conditions of market uncertainty. Let w (0< w <1) reflect the returns of buyers and sellers according to their bargaining power. The
seller receives w portion of the surplus, and the buyer receives the other (1 —w) portion. Assume that the bargaining result has no effect on the search behavior

of both parties, so wis not a specific value. Therefore, the transaction price denoted as P; equals to w (P, - Ps) + P,. With the participation of intermediary
services in the deal, the buyer has to pay & portion of the transaction price as the intermediary service commission to the broker.

3.6  As rational economic men, trading participants choose their search intensities for the maximization of returns. The choice of the search intensity will affect the
matching probability and search costs for buyers and sellers. Denote /;, as buyer's search intensity, /5 as seller's search intensity. Then C(/,) is denoted as

buyer's search costs, C(/s) as the seller's search costs. C(') is a strictly increasing convex function to meet C'>0, C"> 0. Here, we assume C(/b)=5b(/b)2,

C(/s)=5s(/s)2, wherein, J, and g represent the buyer's and seller's unit searching cost, respectively.

3.7 Let Mas the matched number of buyers and sellers after the search process. Adapted from existing search models, we assume the matching function in the
form of Cobb-Douglas equation at a constant return to scale, i.e. M= /l(Nb/b)”(Ns/s)1"7. Wherein, A is a constant that stands for the matching efficiency in the

resale housing market. So, the matching probability of buyers and sellers can be expressed, as shown in Equation (1) and (2).
qp =M1 Np= A (Np ! NV 11 11 = 4 977 11 1 0 (1)
Gs =M1 Ng= A (Np! NJT 17 [11= A 97 1,1 11 )

Where, n (1> n >0) reflects the elasticity of the buyer's search intensity to the matched quantity; g, represents the buyer's matching probability; g5 represents

the seller's matching probability. Accordingly, the elasticity of the seller's search intensity to the matched quantity is 1-, the buyer's search time is then
calculated as 1/gy, and the seller's search time is 1/g.

Search model without real estate broker

3.8  First, let us consider a basic search model without real estate broker, which is adapted from Yavas (1992). The search behavior of the buyer and the seller is
modeled and qualitatively analyzed based on the market equilibrium state.

3.9  From the perspective of the seller, not knowing the specific value of 7, the seller holds the expectation of P, (meet P, . Ps), and calculates the return obtained
from the search process. When the transaction is achieved, the seller can receive the return w(P, — Ps). So the seller's return function can be expressed, as in
Equation (3).

V, = |, gop, - PR, - &.I° @

where V is the return received by the seller from the search. The lower bound of the integral indicates that, the seller will be able to sell the dwelling if and only
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if the buyer's reservation price P, is higher than the seller's reservation price Ps.

3.10 On the other side of the market, the buyer adopts the similar search strategy, and the buyer's return function can be written, as in Equation (4):
i =1 q,1 — @ (P, — P)dP. — 8,1, @

where V, is the return that the buyer receives from the search. Equation (4) reveals the equilibrium search strategy for the buyer,/.e. the buyer with the

reservation price P, chooses her search intensity /, to receive expected return from search.

3.11 In the search process, both the seller and the buyer choose their search intensities to maximize the expected returns, so the search intensities of seller and
buyer satisfy the first-order conditions of Equation (3) and (4). After substitution, the solutions to /5 and /, are obtained, as shown in Equation (5) and (6):

A - PeAd I (1 - PS)Z]u—n)'l
45

k3

T =] (5)

1 - opAe" 1 "p’ (-
45,

Equations (5) and (6) reflect the characteristics and determinants of the search intensity for sellers and buyers. Based on the first-order derivatives, we can draw
the conclusions as follows:

(6)

I, =1

oI eI
: 0 — =00
1. oA , oA indicate that the search intensity of the buyer/seller increases as the matching process becomes more efficient;
ol, or
b 0 —— <0
ad, 0o .- I . . . _
2. o , 3 indicate that the search intensity of the buyer/seller decreases with the increase of the unit search cost;
ol
>0
3. ol indicates that the search intensity of the seller increases as the market tightness ratio increases;
al,
<0
4. o indicates that the search intensity of the buyer decreases as the market tightness ratio increases.

Search model with real estate broker

3.12 Next, we further study the search behavior for trading participants when the intermediary service is involved. As mentioned in the theoretical analysis, the search
activities of the broker can improve the matching probability of seller and buyer, then the matching function is adapted into M= ,u(Nb/b)”(Nsls)“l Here, u (1PA)
is a constant that stands for the matching efficiency with the assistance of real estate broker. Accordingly, the matching probability of buyer and seller denoted
by hy,and hg can be shown in Equation (7) and (8):

hp=p @t 110 7
hg=p &1 1,1 [N ®)

Denote the final transaction price as P;” with the brokerage service, and the total transaction surplus is P,~Ps—kP; . Considering the brokerage mechanism in
China's housing market (buyer pays for the broker commission), the seller directly obtains the transaction surplus P,*—Ps. And the seller obtains the share of the

total surplus as w(Pb—Ps—kP,*). With both are the same, we can calculate the transaction price as Pt* =[a Py—Ps)*P4)/(1 +wk<P;. This suggests that, the
equilibrium price in the housing market declines when the buyer pays for the brokerage commission.

3.13 With the brokerage service involved as the proportional commission structure, the seller's and buyer's return function can be revised into Equation (9) and (10),
respectively:

W, = [, hol(B, - P, - kPR, P)1dR, - 5,I° ©)

W, = [ b0 - @) [P, - P, - kPP, B)1dF, - 5,1} (10)
where W is the seller's return from the search with the broker assisted;
W, is the buyer's search return with the broker.

3.14  Solving the first-order conditions of above equations, the seller's and buyer's equilibrium search intensity can be reached, as shown in Equation (11) and (12):

1 o (A= Deud LA~ ) = P2 = 4 + BP)
s 46,01 + o)

(1

A - @puo" 171 ~ 2k)Pb2]<2,W)—x
45,(1 + ak

I, =1 (12)
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al, ol
< 0 < 0
Based on the first derivatives on the broker commission rate, we find that, ck and ok indicate that the increase in broker commission rate
reduces the search intensities of both buyers and sellers.

3.15 The theoretical search model has provided the qualitative analysis on the search behavior of buyers and sellers, with its focus on the search intensity and the
search time (that can be calculated by the inverse of the matching probability). In the next section, we will use the theoretical model as the basis to implement
the agent-based simulation with the survey data of Beijing resale housing market. Then, the quantitative results can be reached to validate the theoretical
conclusions.

& Agent-based simulation of China's resale housing market

Initial setting of parameters

4.1 Before implementing the simulation, the values of the parameters need to be set first. Here, we set the parameters of the model in two ways, and their
distribution types are also defined as shown in Table 2.

1. For{w, 6, A, u, nj}, these parameters are unobservable from the statistics or market survey, so we need first set the values according to their economic
senses, and calibrate the model repeatedly to obtain the appropriate values. After calibration, we set the model parameters consistent with theoretical
assumptions and intuitive thinking.

2. For{Py, Pp, P}, Op, O, Ip, Is, K}, these parameters are set based on the micro data from Beijing resale housing market survey in August 2012. From
these 1019 samples, the average transaction price is 2.2 million yuan, and the buyer's valuation is 2.4 million yuan. Given the equal bargaining power,
the seller's valuation can be calculated as 2.0 million yuan. The buyer's average search time is 4.5 months, the number of visited dwellings is 11, so the
buyer's search intensity is 2.4 times/month, and the unit search cost is about 75 yuanitimes; the seller's search time is 4.5 months, the number of visited
buyers is 18, so the seller's search intensity is 4.0 times/month, and the unit search cost is around 100 yuan/times. The ratio of the broker commission
ranges from 1.5% to 5.0%, averaged at 2.5%.

Table 2: Initial setting of parameters

Parameter Description Value Distribution Type
Py Reservation price of buyers 2.40 Normal
Ps Reservation price of sellers 2.00 Normal
Iy Search intensity of buyers 2.40 Poisson
Is Search intensity of sellers 4.00 Poisson
()3 Unit search cost of buyers 75 Normal
O Unit search cost of sellers 100 Normal
k Percentage of brokerage commission 2.5% Constant
w Bargaining power of sellers 50% Constant
6 Ratio between buyers and sellers 1.00 Constant
Al u Matching efficiency in the matching function 0.05 Constant
n Buyer's elasticity in the matching function 0.50 Constant

Simulation result of the search behavior for trading agents

4.2 Based on the theoretical analysis and parameter setting, the agent-based modeling technique is introduced to simulate the search behavior in China's resale
housing market on the NetLogo platform. The number of the trading agents is 2000, consisting of 1000 buyers and 1000 sellers, and the number of agents can
be adjusted on purpose. During the simulation, one time step represents one month, and each simulation runs for 150 months. The simulation model is
developed, as shown in Figure 1 and Figure 2.
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Figure 2. Snapshot of the graphic interface

4.4 Figure 2 is an enlarged snapshot for the graphic interface. Each seller uses the "house" icon in green; each buyer uses the "human" icon, and its initial color is
red; the background color is gray, denoting the land parcels. When the simulation starts, the color of buyer can transform to reflect the update situation in the
search process. When a buyer and a seller are matched, the buyer will change the color to black, and move into the "house", then both of them will exit the
market. At the beginning of the next time step, new buyers and sellers will be created to maintain the market tightness ratio stable.

4.5 In the agent-based simulation, the agents in the resale housing market follow the search strategy as demonstrated in the theoretical model, where the
buyers/sellers with different reservation prices adjust their search intensities to match each other. During each time step, the matching probability is mainly
determined by the search intensities of both buyers and sellers, in that the market tightness ratio is maintained as 1 as in Equation (1) and (2). Then the agents
can match each other based on the maximization of their returns from the cost/benefit calculations. On the contrary, the un-matched agents have their search
time increase by one for each period, and also improve their search intensities and reservation prices at the beginning of the next period. The adjustment of the
search intensities finally enable the housing market to converge into a relatively stable state, compared to the initial market volatility.

Dynamics of search time and search intensity for buyers

4.6  Figure 3 depicts the simulation result of the buyer's search behavior. During the first 50 time steps, the buyer's search time fluctuated sharply up to 7.2 months,
and gradually became stable at 3 months. The buyer's search intensity improved steadily and got stable at 2.5 times per month. In general, the simulation result
is very close to the statistical findings from the survey data, so the setting of the simulation model is reasonable. Since the buyer's unit search cost is less than
the seller's, the search strategy is relatively conservative for the buyer, with stable search intensity and prolonged search time to complete housing transactions.
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Figure 3. Simulation result of the buyer's search behavior
Dynamics of search time and search intensity for sellers

4.7  Figure 4 shows the simulation result of the seller's search behavior. During the first 50 time steps of the simulation, the search intensity and the search time of
the seller rose drastically, up to 7.5 times per month and 8.1 months, respectively. Subsequently, the search time gradually stabilized at 3 months, and the
search intensity at average 3.5 times per month. Seen from the simulation results, the seller unclear of the price distribution at the beginning of the searching
process, would increase the search intensity and the search time to obtain the information of the buyers. When the seller receives the rational valuation of the
dwellings, the seller with higher unit search cost reduces the search intensity and the search time accordingly. Throughout the simulation, the results of the
seller's search time and search intensity are consistent with the survey data, so the model is reasonably established, and the basic characteristics of the seller's
search behavior are accurately identified.
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Figure 4. Simulation result of the seller's search behavior
Sensitivity analysis of the determinants for the search behavior

The theoretical search model has provided the qualitative conclusion about the determinants of search behavior for trading agents. In order to estimate the
impacts of different parameters in a quantitative way, we have conducted the sensitivity analysis as follows.

Here, we use the simple random sampling for the single-factor sensitivity analysis, instead of Latin Hypercube sampling (LHS). The LHS technique considers
the system-wide combinations of multi-dimensional input variables with prescribed distribution and its advantage is the simplification of the variable
combinations to obtain less computations and faster convergence speed (Gangel et al. 2013b). Nonetheless, the LHS methodology is relatively complicated in
contrast to the simple random sampling which is more applicable to the single-factor sensitivity analysis, so the LHS technique is not adopted here.

Impacts of matching efficiency on the search behavior for trading agents

The matching efficiency is represented by the fixed coefficient 1/ (or A when the broker is not involved) in the matching function. The greater yindicates the
higher matching probability between the buyer and the seller, and thus can be used to reflect the level of information efficiency in the housing market. In order to
analyze the impacts of matching efficiency on the agent's search behavior, let 7 change within a certain range [0.1, 1.0], the relationship between the matching
efficiency and the search behavior can be observed.
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Figure 5. Sensitivity analysis of the search behavior to matching efficiency

Seen from Figure 5, with the rise in the level of matching efficiency, the search intensities of both buyers and sellers increased steadily at a linear trend, and the
growth rates were 4 and 21 for buyer and seller, respectively. Moreover, the search intensity of the buyer was approximately 5 times that of the seller. The
search time of the buyer was very sensitive to the level of matching efficiency, the increaing level of the matching efficiency led to a decline in the buyer's
search time, and there was a sudden change at aroud 0.25, that is, "1=0.25" as the critical turning point. On the left interval of the critical point, the buyer's
search time was very sensitive to the matching efficiency, the improvements on the matching efficiency reduced the buyer's search time rapidly; on the right
interval of the critical point, the effect of the matching efficiency on the buyer's search time was significantly weakended. Based on the model setting, given the
equal quantity of buyers and sellers (that is 6=1), then the seller's search time is the same as the buyer's, so these two curves overlapped. As the indicator for
market liquidity, the high sensitivity of the seller's search time also reflects that, the information efficiency in the resale housing market plays very important role
in the market liquidity.

Impacts of unit search cost on the search behavior for trading agents

In order to analyze the impacts of unit search cost on the search behavior for trading agents, let 5, and ¢ vary within a range [10, 250], and the sensitivity of the

search intensity and the search time for trading agents can be measured, as shown in Figure 6 and Figure 7.
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4.13 Figure 6 shows that, the buyer's unit search cost is negatively correlated with the search intensity of the seller and the buyer, but the degrees of the impact are
quite different. The search intensity of buyer was impacted drastically by the unit search cost of the buyer, and the slope of the curve had an abrupt change at
around "5,=50". On the left of the critical turning point, the buyer's search intensity decreased rapidly with the unit search cost of the buyer; on the right interval,

the rate of decline in the buyer's search intensity was reduced. By contrast, the rate of decline for the seller's search intensity was very slow, and the impact of

buyer search cost was insignificant. The buyer's and seller's search time showed a positive correlation with the unit cost of searching, and the slope was

relatively stable at the rate of 0.175%.
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0.7

0.6

Search time / (month)

4.14 As shown in Figure 7, similar to the effect of the buyer's unit search cost, the unit search cost of the seller is negatively correlated with search intensities of
buyer and seller, and positively correlated with the search time of buyer and seller. Specifically, the search intensities of buyer and seller were significantly
impacted by the seller's unit search cost, and the slope of the curve also presented an abrupt change near the critical turning point of "9,=50". On the left

interval, the search intensities of both parties declined rapidly with the unit search cost of the seller; on the right interval, the rates of decline in their search

intensities were weakened. Meanwhile, the search time of the seller was positively correlated with the unit search cost, and the trend of variation was relatively
stable at the rate of 0.15%, lower than the buyer's unit search cost.

Impacts of market tightness on the search behavior for trading agents

sensitivity analysis of search intensity and search time for trading agents is conducted, as shown in Figure 8.
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Figure 8. Sensitivity analysis of the search behavior to market tightness ratio

4.16 Figure 8 indicates that, when the market tightness ratio grew from 0.1 to 2.5, or the ratio of the buyers to the sellers in the housing market varied, the buyer's
search intensity and search time witness a decline trend, whereas the seller increases the search intensity and the search time. In fact, the market tightness
ratio reflects the fundamental conditions in the housing market, so-called hot (bull) or cold (bear) market (Novy-Marx 2009). As illustrated in Figure 8, the
performance of the agent's search behavior is consistent with the change in housing market conditions. The curves of the buyer's search behavior had seen a
sudden change near the critical point "6=0.5". On its left, the search behavior of the buyer changed rapidly with the market tightness ratio; on the right interval,
the decline rates were weakened. By contrast, the curves representing the seller's search behavior had shown slower reaction to the market tightness ratio.
Therefore, the buyer's search behavior was more sensitive to the change in the market tightness ratio rather than the seller's.

Impacts of broker commission rate on the search behavior for trading agents

4.17 In order to analyze the impacts of the broker commission rate on the search behavior for trading agents, let A change within a certain range [0.5%, 13%], and the
sensitivity level of search intensity and search time can be addressed, as shown in Figure 9.

12 : : 3.5
— Buyer search intensity

--o- Seller search intensity | 3

—_
=
1

----- Buyer search time J,*'

—»-Seller search time r," - 2.5
4
X b2

(=]
|

L_‘\.
I
=
‘5 —
= =
n [=]
2 E
B gt =
T TR R e e s 3 R o
_—

=]
2 - 1.5 8
‘@ =
= =
a2 4 5
.= F 1 0
=
2

-+
o= ] S-a.a
g 2 = s
[#2] —8—a gy ==
Sg g _—
gy
O 2
0 T T T T 4+ 0

0.5% 3.0% 5.5% 8.0% 10.5% 13.0%
Broker commission rate & / (%)

Figure 9. Sensitivity analysis of the search behavior to broker commission rate

4.18 Consistent with the theoretical analysis, the responses of the agents' search intensities to the change in broker commission rate presented a decline trend, but
the search time of the buyer and the seller increased with the commission rate. There was a critical point when the commission rate was higher than 10%, that
is, 10% of the final transaction price. On the right interval of the critical point, both the search time and the search intensity change suddenly, and the seller's
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search intensity decreased to 0 at "A=13%". As the setting of the parameters is based on the survey data from China's resale housing market, the sensitivity test
reflects that the maximum acceptable commission rate for the real estate broker in China is 13%, as evidence that the fees levied by brokers could be enough to
tip the balance in trading agents, which potentially could be detrimental to the benefits of market participants.

@' Conclusions

5.1 Inthis article, we build a theoretical search model applicable to the characteristics of China's housing market by modeling the behavioral functions of sellers
and buyers, and simulate the agents' search behaviors on NetLogo based on the survey data of resale housing market in Beijing. Theoretically, the search
intensity is positively related to the matching efficiency, but negatively related to the unit search cost. The increase of the market tightness ratio has opposite
effects on the search intensities of the seller and the buyer, respectively. The intermediary service with the neutral broker in China's resale housing market can
reduce the transaction price, and the higher commission rate can lead to a decline in the search intensities for both buyers and sellers.

5.2  The agent-based simulation results validate the theoretical analysis. Buyers and sellers apply different search strategy in terms of search intensity and search
time, according to their own search return functions. Moreover, the search behaviors of trading agents are consistent with the survey data from Beijing resale
housing market. Sensitivity analysis shows that the matching efficiency has significant impacts on the search time of buyers and sellers, indicating that the
information efficiency is very critical for housing market liquidity. The search costs of both buyers and sellers impose substantial impacts on their search
intensities and there are critical turning points with abrupt changes. Noticeably, the impacts of the unit search cost on the search time are not so evident. The
market tightness ratio affects the buyer's search behavior more than the seller's, so the buyer seems to be more sensitive to the change in the market
environment. The increase of the broker commission rate not only results in the decline of search intensities, but also prolongs search time, and the maximum
acceptable commission rate is 13% for the resale housing market in Beijing.

5.3  During the past fifteen years since the housing system reform, the housing markets in most Chinese cities have witnessed rapid growth in both prices and
trading volume. From a bottom-up perspective, this article incorporates the ABM/MAS technique to identify the feature of China's resale housing market. On the
one hand, it provides an in-depth understanding of the individual behaviors of market participants composed by buyers, sellers and brokers; On the other hand,
it also enables that the policymakers adapt current macro-regulation tools to the micro-level mechanism design and thus the long-term governance structure, by
improving the market efficiency, introducing new brokerage types, adjusting the commission rate and so forth. To extend future applications of the model, we
propose following suggestions: 1) Real estate developers as new housing supply providers need to be introduced to realize the equilibrium analysis of the whole
housing market, which would be closer to the realities in China's housing market; 2) The simulation model can be extended for policy evaluation and mechanism
design, for instance, the impact assessment of the MLS system on the behavior of trading participants and the housing market efficiency.
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