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Abstract 

Bargaining game is ubiquitous in real estate markets due to its heterogeneity. Price index, the most important 

measurement the market condition, constructed with current approaches however cannot consider the effect of 

bargaining. Therefore, in this work, we provide a construction of price index including sellers’ bargaining power 

based on Nash bargaining theory and Heckman’s two-step regression. The sellers’ bargaining power is estimated 

from the aggregate data of list-price, sale-price and time-on-the-market. Using this method, the residential price 

index of an empirical example was conducted. The results are in reasonable agreement with the realistic 

situations, verifying the feasibility and applicability of the developed method. 

Keywords: price index, bargaining, residential real estate 

1. Introduction 

No one can deny that the real estate industry is important on the national economy, which connects the upstream 

and downstream industries and affects the huge employment populations. From daily consumption to finance, it 

is closely related to real estate. A house is so important for one obvious and primary reason: it is the single most 

important purchase that most of us make in our lives, and a large part of our happiness comes from it. With a 

house, many incidental expenses can be realized such as the furniture decoration. Furthermore, the housing price 

and some social problems such as marriage, fertility, population growth and financial stability are interdependent 

(He & Wen, 2017; Wen & He, 2015; Liu, Zheng, Zhao, & Wang, 2020). Therefore, studying and monitoring the 

trading situation of residential real estate is of great significance such as real estate bubble warning (Zhou, 2008). 

One measurement of the state of market is the price index, which not only measures the past state of housing 

market but also possess predictability of its growth rate (Yang, Long, Peng, & Cai, 2020). There are three 

commonly used methods to construct the price indices, namely Hedonic-regression (Rosen, 1974), repeated-sales 

models (Bailey, Muth, & Nourse, 1963; Francke, 2010; Francke & Minne, 2017) and hybrid approaches 

(Wallace & Meese, 1997). However, these price indices do not consider the randomness of housing transaction 

and data selection that may cause sample selection bias. Gatzlaff et al. (1997; 1998) and Munneke et al. 

(2000;2001) found that the selection bias can be corrected by the inclusion of inverse Mills ratio, derived from 

the Heckman’s two-step approach (Heckman, 1979). This method has been widely applied to the residential and 

commercial housing market analyses (Heckman, 1979; Li & Chau, 2016). 

Another important gauge of the state of market is the liquidity, generally being reflected by the probability of 

sale (Krainer, 2001; Krainer & LeRoy, 2002; Selcuk, 2013; Fisher, Gatzlaff, Geltner, & Haurin, 2003). It has 

been recognized that the liquidity has endogenous relationship with transaction price (Fisher et al., 2003; Fisher, 

Geltner, & Pollakowski, 2007). There are two sides of agents attending in a residential real estate market, i.e., 

potential buyers and potential sellers holding their own reservation prices. Sellers want money and sell their 

assets to buyers, while buyers bring money or liquidity into the market (Dijk, Geltner, & Minne, 2018). The 

relative movement of sellers’ and buyers’ reservation prices over time shows the transaction volume or liquidity 

(Fisher et al., 2003; Genesove, 2012; Zheng, Chau, & Eddie, 2015; Gong, Zhang, & Zhao, 2018). Specifically, in 

upward market period the increase of sellers’ and buyers’ reservation prices drives the increase of the transaction 
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price, while the greater increase of buyers’ reservation price than that of buyers leads to more trading or liquidity; 

Similarly, in downward market the decrease of sellers’ and buyers’ reservation prices reduces the transaction 

price, while the greater decrease of buyers’ reservation price than that of sellers results in less trading or liquidity 

(Gong et al., 2018). 

To generates a more comprehensive indicator of the state of market, a demand-side “constant liquidity” price 

index is proposed (Fisher et al., 2003), which collapses the two dimensions of price and liquidity to a single 

dimension of liquidity-adjusted price. This price index is an extension beyond Heckman’s two-step approach by 

adding additional corrections from the outputs of regression. The “constant liquidity” represents a special case 

that the sellers match the change of buyers’ reservation prices, then the transaction volume or liquidity will be 

equal over time, and the transaction price change is tracked by the buyer reservation price index. To achieve a 

deal, the buyers’ reservation price should be larger than that of sellers (Fisher et al., 2003; Zheng et al., 2015; Lin 

& Vandell, 2007), since the reservation prices of sellers and buyers are the minimum and maximum prices that 

they are willing to accept in a transaction, respectively. In the construction process of Fisher et al. (2003), the 

transaction price is assumed at the midpoint between buyers’ and sellers’ reservation price. Nonetheless, the 

bargaining game exists in the transactions not only limited in the commercial company (Devarakonda, Reuer, & 

Tadikonda, 2016) but also personal consultation. As for a house, the buyers and sellers would bargain over the 

price based on the evaluation of the house affected by some externalities such traffic location, school district, 

landfill site (Li & Li, 2018), and so forth. Therefore, the ultimate price could be anywhere between buyers’ and 

sellers’ reservation prices, as a result of the bargaining game between the two-sided participants (Harding, 

Rosenthal, & Sirmans, 2003). This has been demonstrated by empirical researches (Harding et al., 2003; Merlo 

& Ortalo-Magne, 2004). Harding et al. (2003) analyzed the effect of different demographic traits, such as 

household wealth and gender, on bargaining power by adding characteristics of buyers and sellers to a hedonic 

model. Rather differently, Carrillo (2013) presented an index that measures the seller’s bargaining power by 

using individual-level or aggregate data, which thus can be easily adopted in the construction of price index. 

From the above review, we note that despite the definite existence of bargaining effect in the transaction of 

housing market, its crucial role has been overlooked in all current price index models. Therefore, the key 

substance and innovation of our work is to develop an approach which can account for the bargaining effect 

beyond current methods. Additionally, the improved approach still can be conveniently performed in the 

framework of current methods, that is to say, it is a user-friendly method, and a more complete and general 

method. The implementation of the improved price index model is provided and its feasibility is examined. 

Taking as an example, we use this price index to study the housing market of Shanghai, China. The required 

individual-level data such as list prices, sale prices, time on the market, share of transactions below the list price, 

and many others, are collected from a database system of a real estate agent well-known in China as the 

Homelink Real Estate (HRE). Compared with developed countries, the informatization development of Chinese 

real estate market is relatively late. The data of individual transactions can only be available since 2011. The 

remainder of this paper is organized as follows: in the second section, we analyze the ultimate sale price by Nash 

bargaining theory combined the buyer-seller relative bargaining power, and developed the models for 

constructing the price index; in the third section, the empirical results and discussions are given; in the final 

section, the study of this work is concluded. 

2. Method 

2.1 Ultimate Sale Price 

The ultimate sale price can be determined from Nash bargaining based on the fact that buyers and sellers split the 

surplus in the transaction depending on their relative bargaining power, which can be expressed as 

    
  [   

     
 ]
           

      
            

                                     (1) 

where the 𝜔  reflects the sellers’ bargaining power or negotiating skill relative to the buyers, which should be 

0 ≤ 𝜔 ≤ 1.    
  and    

  are buyers’ and sellers’ reservation price for asset 𝑖 at time 𝑡,    
      is buyers’ 

utility, and        
  is sellers’ utility. The first-order derivative equaling to zeros yields the optimal    

∗  as 

    
∗  𝜔     

   1  𝜔      
 .                                 (2) 

Intuitively, the ultimate sale price lies between the double-sided reservation prices. The expression obeys the 

common sense that the weaker the sellers’ bargaining power is, the closer the ultimate sale price is to the sellers’ 

reservation price    
  and the lower the utility is obtained by sellers.  

As has been derived (Carrillo, 2013) that the sellers’ bargaining power is a function of mean log list prices 𝐿 , 

mean log sale prices   , mean number of days that a property stays on the market 𝑑 , and the share of 
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transactions that occurred below the list price 𝜇 , as 

 𝜔  
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)
  

    
   

                             (3) 

in which the daily discount rate 𝑟 and the parameter 𝜆 measuring the buyers’ response to the changes in list 

prices are generally normalized as constants. 

2.2 Price Index Based on Two-Side Negotiation 

To include the sellers’ bargaining power, the demand and supply sides need to be separately identified, thus the 

buyers’ and seller’s reservation prices are expressed as 

   
  ∑𝛼𝑗
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where 𝑋 𝑗 
𝑃  is a vector of 𝑗 asset-specific cross-sectional characteristics relevant to valuation, 𝑍  depicts a 

vector of zero/one time-variable with one representing sold and zero for unsold, 𝜀  
  and 𝜀  

  are normally 

distributed mean zero random errors and reflect heterogeneity within the buyer and seller populations, 

respectively. 

The transaction is consummated if the buyers’ reservation price exceeds the sellers, that is    
 ≥    

 . Therefore, 

the ultimate sale price is 
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                            (5) 

Then the expected transaction price is 
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and 𝐸[   ] can be obtained by estimating the following regression 

     ∑  𝑗 𝑋 𝑗 
𝑃
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                            (7) 

with  𝑗  𝜔 𝛼𝑗 
   1  𝜔  𝛼𝑗 

 , 𝛽  𝜔 𝛽 
   1  𝜔  𝛽 

  and 𝜀   𝜔 𝜀  
   1  𝜔  𝜀  

 . The original 

selection-bias-uncorrected residential housing price index can be constructed by the estimation of time-dummy 

𝛽  coefficients. 

Since the observed trading sample is not randomly selected in buyer and seller populations, the stochastic error 

term in Eq. (6) has a nonzero mean. That is, for    
 ≥    

 , there is 𝐸[[𝜔 𝜀  
   1  𝜔  𝜀  

 ]|   
 ≥    

 ] ≠ 0. 

Simple ordinary least squares (OLS) estimation of Eq. (7) leads to biased coefficients. This sample selection bias 

problem can be corrected by the Heckman two-step method (Heckman, 1979; Firsher et al., 2003). In the first 

step, a probit model of asset sale probability is considered on the basis of a decision that whether to sell or not. 

The decision for the i-th asset in period 𝑡 is described by the latent variable 𝑆  
∗  which is equal to the difference 

between the buyer’s and seller’s reservation prices for the asset, as 

 𝑆  
∗     

     
    (8) 

The latent variable 𝑆  
∗  is not observable, and only the outcome 𝑆   is known as 

 𝑆   {
1 𝑖  𝑆  

∗ ≥ 0

0  𝑡  𝑟 𝑖  
   (9) 

In another word, a sale would occur only when    
 ≥    

 , in which case 𝑆   1 , otherwise 𝑆   0 . 

Substituting Eq. (4) into Eq. (8), it is obtained that  

 𝑆  
∗  ∑ 𝛼𝑗

  𝛼𝑗
  𝑋 𝑗 
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     (10) 

Let’s define 𝜆𝑗  𝛼𝑗
  𝛼𝑗

 , 𝛾  𝛽 
  𝛽 

  and 𝜂   𝜀  
  𝜀  

 . Eqs. (9) and (10) can be estimated as a probit 

model 

  𝑟[ 𝑆   1]   [∑ 𝜆𝑗𝑋 𝑗 
𝑃  ∑𝛾 𝑍 ]   (11) 

where  [ ] is the cumulative density function of normal a probability distribution. The scale factor of the 

coefficients and the residuals are estimated. The estimated coefficient is 
𝛾 

𝜎
 and the estimated error is 

𝜂  

𝜎
 with 

𝜎2  𝑉 𝑟 𝜀  
  𝜀  

  . If labeling the estimated probit coefficient as 𝛾 , then 𝛾  
𝛾 

�̂�
 

 �̂� 
  �̂� 

  

�̂�
. According to the 

estimated results of the probit, the inverse Mills ratio (𝜆  ) can be created. In the second step, using the 

explanatory variables listed in Eq. (7) and 𝜆   to estimate an OLS hedonic price equation, there is 

     ∑ 𝑗𝑋 𝑗 
𝑃  ∑𝛽 𝑍  𝜎 𝜂𝜆        (12) 
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where 𝜎 𝜂 equals to the covariance of the errors in Eqs. (7) and (11). The error term     has zero mean. The 

estimation of coefficients 𝛽  trace out the selection-corrected price index.  

In the last step, we integrate the changes in the mean of the buyers’ reservation price distributions, the 

dependence on time of which is  

 𝑉   𝑉     ∑𝛼𝑗
 (𝑋 𝑗 

𝑃  𝑋 𝑗   
𝑃 )  𝛽 

  𝛽   
    (13) 

where the coefficients 𝛽 
  trace out the demand-side price index. Similar to Eq. (7), from the calculation of 

expected transaction price in Eq. (6) and the estimated coefficients �̂�  in Eq. (10), the estimation of 𝛽 
  can be 

obtained as  

 �̂� 
  

 

  
�̂�  

    

  
�̂� 

 .  (14) 

Based on the probit estimation Eq. (11) and its underlying Eq. (8), there is  

 𝛾  
 �̂� 

  �̂� 
  

�̂�
.  (15) 

For a known �̂�, after solving Eqs. (14) and (15), we obtain the demand-side index as 

 �̂� 
  �̂�   1  𝜔  𝛾 �̂�.  (16) 

The �̂�  coefficient is the price index with selection bias corrected while the �̂� 
  is the demand-side price index 

further containing the bargaining power as compared to �̂� . 

3. Application to Empirical Analysis 

After constructing the bargaining-included price index, we demonstrate its practical operability in an 

examination study of the residential real estate market of Shanghai, China. The data are obtained from the China 

HomeLink Real Estate Network, and the annual data from 2011 to 2018 are used to construct the residential 

price indices. The data include information of list prices, sale prices, time on the market, and units’ property 

characteristics that people always concerns including the number of bedrooms, number of bathrooms, number of 

living rooms, number of kitchens and total areas. Moreover, the districts of the units belonging to are also 

distinguished, considering five representative districts in Shanghai, namely Minhang, Xuhui, Yangpu, Songjiang, 

and Pudong districts. After removing the missing observations and abnormal data, it yields 187,117 observations 

of residential properties in the data set that we used, containing the information of 59,027 sold and 128,090 

unsold assets. The relevant details and descriptive statistics are summarized in Table 1. 

 

Table 1. Summary statistics of the annual data in 2011-2018 

Variable 
No. of  

all Obs. 

No. of 

UNSOLD 
No. of SOLD 

SOLD 

Mean 

SOLD 

Std. Dev. 

SOLD 

Min 

SOLD 

Max 

Year    Ave. Price  Ave. Price Ave. Price 

2011 251 131 120 39506.9 9086.0 26021 60516 

2012 512 314 198 39732.8 13146.7 12924 110379 

2013 1,453 855 598 40109.8 13108.9 5724 78957 

2014 2,074 1,202 872 40225.8 14240.4 7815 123304 

2015 12,840 7,723 5,117 40338.2 13501.0 12346 126120 

2016 51,895 39,636 12,259 46463.7 16176.3 11735 141819 

2017 62,118 44,500 17,618 51616.1 16027.4 5799 142514 

2018 55,974 33,729 22,245 48340.4 17397.3 11572 158277 

Total 187,117 128,090 59,027     

Transaction       

Ave. List price/Pl   45727.8 10313.1 5822 161173 

Ave. Sale price/Ps   44165.4   16617.4 5724 158277 

Days on the market   156 16.6 0 366 

Hedonic variable        

No. of Bedrooms   1.97 0.78 0 8 

No. of Bathrooms   1.19 0.52 0 7 

No. of Living rooms   1.15 0.44 0 6 

No. of Kitchens   1.00 0.04 0 2 

Total area   79.0 35.78 16.1 502.4 

 

As listed in Table 1, the number of sold monotonically increases during the year from 2011 to 2018. The annual 

mean sale price per square meters of sold increases until to 2017 and declines slightly at 2018. Overall, it 
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increases from ¥39506.9 to ¥48340.4 during the eight years, and the mean sale price is ¥44165.4, a little smaller 

than the mean list price ¥45727.8. The units stay on the market have a mean time of 156 days, among which 16.3% 

of the units was sold in one month, and about 50.2% was sold within 131 days. The mean sale area is 79.0 m
2
 

with the minimum and maximum area are 16.1 m
2
 and 502.4 m

2
, respectively. 

To estimates sellers’ bargaining power, the aggregate data of mean logarithmic list prices (Pl), mean logarithmic 

sale prices (Ps), the share of transactions that occurred below the list price, and mean of days that a property 

stays on the market (TOM) are needed. The constants of daily discount rate 𝑟 and parameter 𝜆 are normalized 

to 0.0001 and 1, respectively, the same as what has been set in the work of Carrillo (2013). The annual data and 

calculated sellers’ bargaining power are listed in Table 2. 

 

Table 2. Parameters for the sellers’ bargaining power 

year 

obs. obs. 
Share 

(Ps<Pl) 
TOM Ps Pl 𝜔  SOLD 

Ps<Pl 
SOLD 

2011 42 120 0.3500 108.55 10.56 10.06 0.96 

2012 78 198 0.3939 180.32 10.54 10.02 0.94 

2013 206 598 0.3445 153.93 10.54 10.38 0.89 

2014 396 872 0.4541 186.31 10.54 10.51 0.78 

2015 2,528 5,117 0.4940 196.34 10.55 10.57 0.73 

2016 5,686 12,259 0.4638 187.10 10.69 10.65 0.81 

2017 8,113 17,618 0.4605 171.25 10.81 10.79 0.78 

2018 9,919 22,245 0.4459 151.37 10.73 10.77 0.72 

 

 
Figure 1. Sellers’ bargaining power calculated from aggregate annual data of Shanghai, China 

 

Figure 1 shows the trend of sellers’ bargaining power over the time from 2011 to 2018. It is can be seen that the 

sellers’ bargaining power is larger than 0.5 overall this period, suggesting that the sellers have a bargaining 

advantage over buyers. This is in line with the general knowledge of China’s real estate market, which is seller’s 

market in the past decades since the reform of the urban housing system. The sellers’ bargaining power can be as 

high as 0.95 at 2011. To regulate the housing market, the government has issued a number of detailed rules to 

prevent the emergence of the real estate bubbles. To name a few, in 2011, the government of Shanghai stipulates 

that the registered residents possessing more than two houses in Shanghai or the non-registered residence 

possessing more than one house in Shanghai cannot buy another house. The intervention policy for the 

subscription qualification of buyers is further tightened, and the tax supervision in housing transactions is 

strengthened in 2012, and the down payment proportion and loan interest rate of the second house are increased 

in 2013. Effectively, the buyers and developers fall into a wait-and-see state and the sellers’ bargaining power 

decreases radically during 2012 and 2013. In 2014, although the restrictions on purchase of real estate is not 

loosen, some remedial measures are made such as the loan interest rate of individual housing provident fund is 

lowered, which promotes the demand for rigidity and improvement to enter the market actively. Particularly, in 

2015, destocking is the main theme of the real estate market, and the credit easing policies stimulates the market. 

Accordingly, the decrease of sellers’ bargaining power during 2013-2014 slows down, and the bargaining power 

increase again due to the heating up of market since the end of 2015. Therefore, in 2016, the most stringent new 

policies known as “Shanghai nine rules” are issued, and in 2017 more series of regulatory policies are enacted 

and continue to this day. The sellers’ bargaining power decreases from 2016 to 2018. 
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The price index is estimated by using the individual-level housing transaction data. According to Heckman’s 

two-step estimation model, the dependent variable in the probit model is the dummy variable, representing 

whether to sell the asset or not, which is defined as Tra_dummy in Table 3. In the selection-corrected hedonic 

price model, the dependent variable is the natural logarithm of the property purchase price per square meter of 

real estate, labeled as ln_price in Table 4. In the two models, time-dummy is the same, with the variables of 2011 

being the base-year data. The explanatory variables include five geographical region dummy variables and five 

Hedonic variables. The property-specific location variables include Xuhui, Yangpu, Songjiang, Pudong districts, 

where Minhang district is the base district. Hedonic variables include number of bedrooms, number of 

bathrooms, number of living rooms, number of kitchens and property areas. The natural logarithm of the 

property area is defined as ln_area. The results of Heckman’s two-step estimation are presented in Table 3 and 

Table 4.  

 

Table 3. Results of probit model of property sale probability in the first step of Heckman process 

 Dependent Variable: Tra_dummy 

Explanatory variable Coef.   Std. Err. z P>|z| [95% Conf. Interval] 

Time dummies  

2012 -0.266 0.068 -3.92 0.000 -0.339 -0.133 

2013 -0.203 0.042 -4.79 0.000 -0.286 -0.120 

2014 -0.183 0.036 -5.01 0.000 -0.254 -0.111 

2015 -0.473 0.020 -23.87 0.000 -0.512 -0.434 

2016 -0.916 0.016 -55.64 0.000 -0.949 -0.884 

2017 -0.742 0.016 -45.79 0.000 -0.773 -0.710 

2018 -0.463 0.016 -28.64 0.000 -0.495 -0.431 

Geog. loc. dummies       

Xuhui district -0.026 0.012 -2.24 0.025 -0.049 0.003 

Yangpu district 0.043 0.013 3.42 0.001 0.018 0.067 

Songjiang district -0.009 0.011 -0.80 0.427 -0.030 0.013 

Pudong district 0.007 0.008 0.86 0.392 -0.009 0.024 

Hedonic variables  

Bedrooms -0.028 0.007 -4.24 0.000 -0.042 -0.015 

Bathrooms 0.009 0.009 0.97 0.330 -0.009 0.027 

Livings -0.007 0.008 -0.93 0.353 -0.022 0.008 

Kitchens -0.035 0.076 -0.46 0.644 -0.184 0.114 

ln_area 0.119 0.012 7.86 0.000 0.090 0.149 

_cons -0.234 0.015 -2.52 0.012 -0.416 -0.052 

 

Table 4. Results of the selection-corrected hedonic price model in the second step of Heckman process 

Dependent Variable: ln_price 

Explanatory variable Coef. Std. Err. z P>|z| [95% Conf. Interval] 

Time dummies 
 

2012 -0.164 0.030 -5.47 0.000 -0.223 -0.105 

2013 -0.187 0.020 -9.27 0.000 -0.227 -0.147 

2014 -0.151 0.018 -8.42 0.000 -0.186 -0.116 

2015 -0.121 0.037 -3.25 0.001 -0.194 -0.048 

2016 0.024 0.076 0.31 0.755 -0.126 0.173 

2017 0.099 0.061 1.64 0.102 -0.020 0.219 

2018 0.048 0.037 1.32 0.188 -0.024 0.120 

Geog. loc. dummies            

Xuhui district 0.394 0.005 78.65 0.000 0.384 0.404 

Yangpu district 0.236 0.006 39.70 0.000 0.225 0.248 

Songjiang district -0.237 0.004 -54.34 0.000 -0.246 -0.229 

Pudong district 0.104 0.003 30.69 0.000 0.097 0.110 

ln_area -0.082 0.007 -11.17 0.000 -0.097 -0.068 

_cons 10.973 0.112 98.36 0.000 10.754 11.192 

mills 
 

lambda -0.293 0.144 -2.03 0.042 -0.575 -0.011 

rho -0.761      

sigma 0.385      
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The results of the probit estimation property sale probability are presented in Table 3. It is found that the number 

of bedrooms has negative significant on the probability of sale, while the construction area has a positive 

significant effect. The number of bathrooms, living rooms and kitchens is not statistically significant. Table 4 

reports the results of selection-corrected hedonic price model. The coefficient of lambda is statistically 

significant, indicating the existence of sample selection bias. The selection-bias-corrected hedonic price index is 

described by the time-dummy estimation coefficients �̂�  in Table 4. It is can be seen that the sale price is 

significantly related to geographical region, in line with our general perceptions. In addition, the construction 

area has a significant negative dependence. The estimated coefficient sigma (�̂�) presented in Table 4 and the 

estimated coefficient of the time-dummy variable (𝛾 ) reported in Table 3 as well as the sellers’ bargaining power 

are used to construct the correction term of the demand-side price index in Eq. (16). 

Figure 2 shows the residential price indices constructed under different cases. Under some special choice of 

sellers’ bargaining power, the method presented here reduces correctly to pervious price index. For instance, if 

𝜔  0 0, the result is the selection-bias-corrected price index, while if assuming the sellers and buyers has the 

same bargaining effect, i.e., 𝜔  0 5, the price index is what has been reported by Fisher et al. (2003). The price 

index with time-dependent bargaining power displays slightly greater amplitude and volatility as compared to 

the case of constant value of 0.5. The price index shows decease trend in 2012 to 2013, in line with the 

tightening policies of the real estate market. Moreover, the slight increase in 2013-2014 and sharp increase in 

2015-2016 is led by the weak remedies in 2014 and strong incentives in the end of 2015, respectively. The trend 

during 2017-2018 also tallies with strict tightening policies. The consistency is not surprising since the price 

index is demand-side index and many of the policies are designed to restrain buyers such the limiting the number 

of houses they can possess. 

 

 
Figure 2. The residential price index constructed by only selection bias correction (𝜔  0 0), and selection bias 

correction with constant equal bargaining power between sellers and buyers (𝜔  0 5), and time dependent 

sellers’ barging power (𝜔  𝜔 ), respectively. 

 

4. Conclusions 

The residential price index plays a crucial role in monitoring the situation of real estate market. To regulating the 

real estate market, many policies distributed by the government are aimed at market participants. However, the 

conventional approach of constructing price index cannot consider the role of participants such as the objectively 

existent bargaining process. In this work, we present an improved price index model, which considers the 

participants’ bargaining effect by Nash bargaining analysis and Heckman’s two-step regression. The response of 

participants to the policies also can be implied in the factor of bargaining power. As an example, this price index 

model is applied to study the residential market of Shanghai, China. The variation trend of price index can 

reasonably reflect the market changes as well as the role of regulatory policies. This improved price index is a 

more general model, which can reduce correctly to previous models if we consider the more restrictive 

situations.  
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