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Introduction

Fluctuation in housing prices touches the nerves of poli-
cymakers, ordinary residents, and financial institutions 
(Dietzel, 2015) and has become an issue of general so-
cial concern. Any imbalance or contraction in the hous-
ing market can lead to financial instability, which in turn 
poses a macroeconomic threat (Lee & Park, 2018). There-
fore, how to stabilize the housing market has become a 
top priority for the development of the real estate industry. 
So what are the forces causing high volatility in housing 
prices? Previous studies have shown that housing prices 
are influenced by economic fundamentals such as GDP, 
income level, population, and interest rates (Case et  al., 
2012). However, these standard economic explanations 
are difficult to reconcile with high volatility in housing 
prices over a corresponding period (Alkay et  al., 2018). 
In a standard macroeconomic model with fully rational 
expectations, high volatility in housing prices is difficult 
to generate (Granziera & Kozicki, 2015).

In addition to economic fundamentals, a growing 
number of scholars have tried to explain the volatility of 

housing prices in terms of consumer psychology and ir-
rational behavior. Case and Shiller (2003) argued that the 
“animal spirits” of investors play an important role in dra-
matic volatility in housing prices. These unexplained “irra-
tional” factors, driven by “noise traders” or “irrational in-
vestors”, are called market sentiment (Soo, 2013). The the-
oretical basis for sentiment analysis in the housing market 
is the noise trader approach, which divides investors into 
fully rational and imperfectly rational groups (De Long 
et al., 1990). The latter’s investment behavior is thought to 
be more influenced by sentiment. The housing market is 
characterized by a high proportion of individual traders, 
market segmentation, information asymmetry, and lack of 
short-selling mechanisms, all of which make market par-
ticipants vulnerable to sentiment-induced pricing errors 
(Clayton et al., 2009; Hui & Wang, 2014). Market senti-
ment has been widely accepted as a key driver of housing 
price volatility, particularly after several property market 
crises (Lin et al., 2009). Especially during periods of high 
sentiment, higher expectations of future housing returns 
lead to an influx of home buyers into the property market 
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and a rapid increase in transaction volumes (Fischer & 
Stamos, 2013). This overreaction to price changes may 
lead to significant upward momentum in housing prices 
(Case & Shiller, 2003).

With the help of social media (e.g., Twitter, Facebook, 
Sina Weibo), interactions among home buyers have be-
come faster and easier, and market sentiment may spread 
and amplify rapidly through the Internet and so influence 
housing prices to some extent. Recent empirical studies 
have also suggested that interactions on social media are 
an important mechanism to explain housing price conta-
gion (DeFusco et al., 2018). For example, using Facebook 
social media data, Bailey et  al. (2018) found that social 
interactions played an important role in shaping individu-
als’ housing market beliefs and investment behavior, con-
firming the theory that the spread of sentiment among 
investors can have an impact on expectations in housing 
markets (Gao et al., 2020). Bayer et al. (2021) further con-
firmed that individuals’ experiences of housing prices in 
social networks are a significant source of heterogeneity in 
their housing market expectations and can influence home 
purchase decisions, with the resulting shift between opti-
mism and pessimism about future housing price growth 
leading to housing price volatility. With the communica-
tion effect of social media, market sentiment “infection” 
occurs quickly and spreads continuously, generating “ir-
rational expectations” and further increasing the possibil-
ity of rising housing prices (Li et al., 2020). Therefore, an 
in-depth exploration of the role of market sentiment in 
housing price volatility in the social media environment 
is crucial for stabilizing the property market.

Although explorations targeting the relationship be-
tween market sentiment and housing price volatility have 
gradually attracted the attention of scholars, research on 
market sentiment has still not received as much attention 
as research on the stock market (Balcilar et al., 2021). In 
particular, market sentiment in the social media environ-
ment is understudied and it is unclear how this plays a 
role in housing price volatility, despite its evident impor-
tance for irrational and volatile housing markets (Hui & 
Wang, 2014). More importantly, the housing market is 
not completely independent and, with the popularity of 
social media, market sentiment infection occurs rapidly 
and continues to spread across cities (Li et al., 2021), with 
a possible spatial effect on housing prices. However, this 
spatial effect has long been overlooked in previous studies 
of market sentiment as it affects housing prices.

Based on the above analysis, the objective of this re-
search is to examine the spatial effect of market senti-
ment on housing prices in a social media environment. 
Three detailed questions need to be addressed: 1) How 
can we construct a housing market sentiment index from 
social media data which is a measure of housing market 
sentiment? 2) How does market sentiment affect housing 
prices through a spatial effect? and 3) Do differences in 
geographical location lead to differences in the spatial ef-
fect of market sentiment?

For the first question, it is first necessary to identify the 
subject of market sentiment and which social media plat-
form to choose. The subject of market sentiment in our 
study is the home-buyer, who buy houses to live in them-
selves, not the investor, who sell their houses after its value 
has appreciated. This is due to the fact that our research 
focuses on representative large and medium-sized cities 
in China, which are economically developed and attract a 
large number of young people who leave their hometowns 
to work in these cities. After working, the next important 
thing for these young people is to get married, and in the 
traditional Chinese concept of “a house means a home”, 
buying a house is often a prerequisite for young people to 
get married, which inevitably generates a huge demand 
for housing. In addition, there are currently very strict 
housing purchase restrictions in China, which will lead 
to a very limited speculative group in the housing market 
for sure. Thus, the sentiment of the home-buyers sets the 
tone of market sentiment. Furthermore, the majority of 
the homebuyer groups in China are young people who 
commonly use the largest Chinese social media platform – 
Sina Weibo – to express their views, which is the reason 
why Sina Weibo was chosen as the source of market senti-
ment data for the subsequent study in this paper. We then 
used a web crawler to obtain social media text data related 
to the housing market, which was then analysed using text 
sentiment analysis techniques to construct a housing mar-
ket sentiment index for different cities at different times.

The second and third questions involve the spatial ef-
fect and required the use of spatial econometric models 
that decompose a spatial effect into direct and indirect 
effects (the indirect effect is also known as the spatial 
spillover effect). We incorporated the established hous-
ing market sentiment index as an independent variable 
in the spatial econometric model of house price volatility 
to empirically examine the direct and indirect effects of 
market sentiment on housing prices from the whole sam-
ple and different regions. The answers to these questions 
can help us further understand the laws of market senti-
ment affecting housing price and provide a reference for 
establishing a long-term mechanism for stable and healthy 
development of the housing market from the perspective 
of market sentiment management.

1. Literature review

While the role of sentiment in market conditions is easy to 
understand, the measurement of sentiment in a complex, 
asymmetrical information economy is not straightforward 
(Heinig & Nanda, 2018). Relying on direct surveys is a 
common measure (Case et  al., 2012). Lambertini et  al. 
(2013) used data from the University of Michigan Con-
sumer Survey to provide evidence about the importance of 
consumer sentiment on the dynamics of the U.S. housing 
market. Ling et al. (2014) investigated survey-based senti-
ment measures of investor sentiment in private commer-
cial real estate markets and returns. However, in the case of 
the highly geographical housing market, direct surveys are 
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difficult to use for scientific measurement of market senti-
ment in different regions and cities (Marcato & Nanda, 
2016). Indirect characteristics of market sentiment with 
the help of macroeconomic indicators are other common 
measures of market sentiment (Baker & Wurgler, 2007). 
Balcilar et al. (2021) analyzed the application of sentiment 
indicators in the housing market using economic senti-
ment indicators from the E.U. and the U.S. Marcato and 
Nanda (2016) tested economic indicators as sentiment 
indicators to predict housing market returns. Wang and 
Hui (2017) used principal component analysis to select 
representative macroeconomic indicators that analyzed 
the impact of market sentiment on the real estate market 
in Hong Kong. However, as the macroeconomic indicators 
selected are usually ex-post data, the constructed senti-
ment index has a lag. In addition to these indirect prox-
ies and direct surveys, text-based sentiment measurement 
analysis has recently attracted increasing attention since 
greatly increased computing power and wide availability 
of online data have gradually made accessible rich sources 
of information. The advantages of this approach over tra-
ditional sentiment measurement are the large number of 
sources of available data, the low cost and effort of data 
collection, and the relative straightforwardness of meas-
urement. Heinig and Nanda (2018) applied textual analy-
sis based on word lists to commercial real estate (CRE) 
data for London West End to capture the effect of senti-
ment. Hausler et al. (2018) examined the relationship be-
tween news-based sentiment, captured through a machine 
learning approach, and the US securitised and direct com-
mercial real estate markets. Beracha et al. (2019) captured 
news-based market sentiment for real estate and its extent 
through textual analysis. Taking Guangzhou as an exam-
ple, Gao and Zhao (2018) used text mining method to 
extract media influence from media texts, and constructed 
the buyer confidence index, and used it as a proxy variable 
for home-buyers’ sentiment. However, mainstream media 
tend to carry a certain opinion bias (Ardèvol-Abreu & 
Gil de Zúñiga, 2017), which may also lead to mainstream 
media sentiment not necessarily being a true expression 
of market sentiment. For example, financial media may 
amplify market sentiment (Ren et al., 2021).

Social media is rapidly replacing non-digital media 
as a convenient and fast medium for communicating and 
sharing information, allowing users to interactively ex-
press their one-sided views on the housing market. The 
role of social media in sentiment detection has received 
increasing attention from researchers (Cerchiello & Nico-
la, 2018). Social media data have the characteristics of full 
samples, high frequency, and immediacy, and a sentiment 
index based on social media data is highly representative 
and forward-looking (Da et al., 2015). The measurement 
of market sentiment from social media has received in-
creasing attention from researchers in recent years and 
has been widely used in financial markets such as stocks 
(Siikanen et al., 2018). For example, measuring sentiment 
from Twitter has been used for several purposes including 
analyzing the impact on share price volatility (Siikanen 

et al., 2018), forecasting trends in the Dow Jones Industri-
al Average (Ranco et al., 2015), assessing the systemic risk 
of Italian banks (Cerchiello et al., 2017), and performing 
financial analysis and forecasting (Oliveira et  al., 2017). 
Giannini et al. (2019) used Twitter data to examine how 
sentiment affected trading and how changes in investor 
disagreement were tracked. Yu and Yuan (2011) found that 
the relationship between company sentiment as reflected 
in social media and company stock returns and volatility 
was stronger than in traditional news media. Huang et al. 
(2015) used Sina Weibo as a data source for construct-
ing a market sentiment index to study the relationship 
between market sentiment and financial markets. Topics 
and interactions on social media are more likely to stimu-
late investors’ attitudes toward the market and thus influ-
ence the volatility of asset prices (Leitch & Sherif, 2017). 
All of these studies show that social media is a valuable 
resource and an important source of information to sup-
port decision-making. However, existing housing-related 
research on market sentiment is seriously lacking, most 
existing studies have relied on indirect indicators such as 
relatively lagging macroeconomic data, and the use of so-
cial media data, which can indicate the public’s immediate 
attitudes toward the latest information, is still uncommon. 
The impact of this data source on home-buyer sentiment 
is evident in the modern information society (Cerchiello 
& Nicola, 2018). Sinyak et al. (2021) found that social me-
dia of the real estate market can be considered a valuable 
and innovative source of market sentiment and can pro-
vide real estate researchers and valuers with reliable lead-
ing market indicators. This is an interesting context from 
which to extract market sentiment in the housing market 
and further investigate its impact on housing prices, which 
is why this paper chooses to study market sentiment based 
on the social media environment.

To explore the characteristics of the impact of mar-
ket sentiment on housing markets, several studies have 
used traditional measures such as multiple regression and 
vector autoregression, analyzing the predictive impact of 
media housing sentiment on housing prices (Soo, 2013), 
the effect of market sentiment on housing market returns 
(Ruscheinsky et al., 2018), and the impact of participants’ 
sentiment on housing demand (Hui & Wang, 2014). Most 
of these methods use time-series data, but as the housing 
market has strong individual city characteristics, the im-
pact of sentiment indices on housing price needs to be an-
alyzed using panel data. For example, Lam and Hui (2018) 
used panel data and constructed panel regression models 
to study the impact of market sentiment on the future re-
turns of Hong Kong residential properties. However, the 
housing market is spatially correlated, with housing prices 
spreading across cities (Luo et al., 2007; Wu et al., 2017), 
but traditional panel regression models ignore the spatial 
correlation of housing markets and do not take into ac-
count the spatial effect of sentiment on housing prices, 
leading to potentially biased estimates from the resulting 
models. Spatial econometric models, which incorporate 
spatial factors into the model by constructing a spatial 
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weight matrix, have been widely used in studies exploring 
housing price volatility (Vergos & Zhi, 2018). For exam-
ple, Liang et al. (2020) used spatial econometric models 
to study the factors influencing housing prices and their 
spatial effect, which included direct and indirect effects. 
Therefore, this paper investigates the direct and indirect 
effects of market sentiment and each control variable on 
housing price based on the decomposition effect of the 
spatial econometric model, and provides insight into the 
impact of market sentiment on housing price from the 
perspective of the spatial effect, making up for the short-
comings in previous literature.

2. Methodology

2.1. Development of a housing market sentiment 
index based on social media data

With its high degree of openness and rich expression of 
ideas and opinions, Weibo provides a large amount of 
content-rich textual data for capturing market sentiment. 
This study uses Sina Weibo, a representative social media 
platform in China, as a data source to measure market 
sentiment and construct a Housing Market Sentiment In-
dex. Sina Weibo is the world’s largest Chinese-language 
social networking platform and, according to Sina Weibo’s 
fourth quarter (Q4) 2020 financial results, Sina Weibo 
reached 521 million monthly active users in December 
2020. The measurement of the housing market sentiment 
index based on Sina Weibo data is divided into the fol-
lowing four steps.

(1) Obtaining social media textual data. A web crawl-
er was written in Python to automatically retrieve data 
from Sina Weibo related to the topic of housing price. 
This was done by using “housing price” in Chinese con-
text as a seed keyword and combining it with Baidu’s 
keyword search system to obtain words with high rele-
vance to “housing price” and, after manual screening, the 
final keyword list (Table 1) was determined and entered 
into the crawler. Furthermore, in order to quantify the 
market sentiment in each city, the collected Sina Weibo 
textual data needed to be categorised by city. A new web 
crawler was written in Python to call Sina Weibo’s user 
API interface, access the homepage of the user of each 
collected Sina Weibo tweet, obtain the city tag as a geo-

graphic tag for each tweet. We then sorted the collected 
Sina Weibo textual data by city so that we obtained a 
corpus of homebuyer comments on the housing market 
in each city.

(2) Data pre-processing. The Pandas tool in Python 
was used to read the Sina Weibo textual data and user 
data collected in the previous step. The Sina Weibo textu-
al information included the tweet body, user nickname, 
user ID, and post time; the user information included 
the user ID, user nickname, and city. The “merge” func-
tion in Pandas was then used to stitch together the Sina 
Weibo textual and user information using the user ID 
as the connected column name to obtain a database of 
Sina Weibo texts with time and location information. 
Before sentiment annotation, the text needed to be pre-
processed by word separation, deactivation, and cleaning 
of meaningless words. This study used the Jieba Chinese 
lexical analysis system for word separation and the Chi-
nese stop words list in the Apache Lucene SmartChine-
seAnalyzer to remove stop words. In addition, the term 
frequency–inverse document frequency (TF-IDF) algo-
rithm in the field of information retrieval was used to 
filter out words that occurred frequently but did not af-
fect the sentiment polarity of the text, in preparation for 
the subsequent analysis of the sentiment polarity of the 
Sina Weibo text. The TF-IDF algorithm assumes that the 
importance of a word or phrase increases proportionally 
with the number of times it appears in the document, but 
at the same time decreases inversely with the frequency 
with which it appears in the corpus.

(3) Sentiment labeling. After the data pre-processing 
was completed, text sentiment analysis techniques were 
used to calculate the sentiment tendency value in each 
Sina Weibo text with the help of the Baidu AI open plat-
form. The sentiment analysis module of the Baidu AI 
open platform is based on the bi-directional long short-
term memory (Bi-LSTM) semantic model, which can 
better understand the semantics of text and accurately 
identify text sentiment. At the same time, the platform 
obtains a corpus across multiple domains through large-
scale corpus-tagging propagation that makes up for the 
shortcomings of generic classifiers, ensuring excellent re-
sults for sentiment classification in various contexts. The 
sentiment analysis model of the Baidu AI open platform 
implemented sentiment labeling in the following three 
steps: a) transforming each word in each Sina Weibo 
text into a continuous semantic vector representation; 
b) transforming the word semantic sequence into a se-
mantic representation of each Sina Weibo text through 
the Bi-LSTM network structure; and c) calculating the 
sentiment tendency value based on the semantics of each 
Sina Weibo text. For the accuracy of the sentiment analy-
sis module of the Baidu AI open platform, we manu-
ally selected 5000 positive comments and 5000 negative 
comments from the processed tweets, and then called 
the sentiment analysis module of the Baidu AI open 
platform to perform sentiment annotation. The accuracy 
rates were found to be 86.56% and 87.02% respectively, 

Table 1. Final keyword list in Chinese context

No. Keyword No. Keyword

1 Housing price 9 Restricted purchase
2 Home loans 10 Loan restrictions
3 Provident fund 11 Used property
4 Down payment 12 New property
5 Purchasing a home 13 Real estate
6 Buying a home 14 Property market
7 Property tax 15 Commercial property
8 Property 16 Property market
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the control variables and Xit,k denotes the value of the k-th 
independent variable for city i in period t.

Before constructing the model, a spatial autocorrela-
tion test of the explanatory variable and the core explana-
tory variable was first required to determine whether or 
not a spatial econometric model was necessary. The most 
common method is to use the Moran index (Moran’s I), 
which takes values in the range [−1, 1] with values great-
er than 0 indicating a positive spatial correlation and less 
than 0 indicating a negative spatial correlation. Moran’s I 
is calculated using Equation (3).
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Xi, Xj denotes the observed values of city i and city j re-
spectively. In this paper, the values of housing price and 
housing market sentiment index are substituted into X 
in turn.

There is an individual effect in spatial econometric 
models; if the individual effect is related to the explanatory 
variable, then the individual effect is a fixed effect, and 
conversely if the individual effect is unrelated to the ex-
planatory variable, then the individual effect is a random 
effect. A spatial econometric model is usually preceded 
by a Hausman test to determine whether a fixed effect 
or a random effect is chosen. The null hypothesis is that 
individual effects are not correlated with the explanatory 
variables. After the Hausman test, it is also necessary to 
select the appropriate spatial econometric model among 
the SLM, SEM and SDM. This is done by constructing the 
Lagrange multiplier (LM) and robust LM statistics based 
on model residuals based on a non-spatial panel model to 
test for spatial lags and spatial errors. If both the LM test 
and the robust LM test pass, the robustness of the model 
is further tested by a likelihood ratio (LR) test to verify 
whether the SDM simplified to the SLM or SEM.

If there is a spatial lag term, the regression coefficients 
of the econometric model cannot be used directly to 
capture the marginal effects of the explanatory variables. 
LeSage and Pace (2009) proposed a partial derivative ap-
proach to decompose a spatial effect into direct and in-
direct effects using spatial cross-sectional data. Elhorst 
(2014) extended this approach to spatial panel data. Re-
ferring to this approach, the SDM can be transferred to 
Equation (4).
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In Equation (4), I denotes a unit matrix of N × N with 
diagonal elements of 1 and other elements of 0. The direct 
and indirect effects of each explanatory variable on p are 
calculated by finding the matrix of partial derivatives of 
the expected value of p with respect to the corresponding 

proving that the Baidu algorithm is indeed capable of 
extracting sentiment from text.

(4) Construction of the housing market sentiment in-
dex. The range of sentiment tendency values from 0 to 
1 was further subdivided into three sub-bands, where 0 
to 0.4 represents negative, 0.4 to 0.6 represents neutral, 
and 0.6 to 1 represents positive (Tian et al., 2020). The 
housing market sentiment index (S) was then obtained 
for each city in each period according to Equation (1).
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In Equation (1), Sit denotes the housing market senti-
ment index for city i in period t; N_posit denotes the num-
ber of Sina Weibo texts marked as positive for city i in 
period t; and N_negit denotes the number of Sina Weibo 
texts marked as negative for city i in period t. The con-
structed housing market sentiment index (S) takes into 
account a combination of positive and negative comments 
and uses the difference between the number of both as 
a percentage of the total number of comments to mea-
sure the sentiment index, which measures the attitude of 
homebuyers towards the real estate market in each city.

2.2. Spatial econometric model

Popular spatial econometric models are the spatial lag 
model (SLM), spatial error model (SEM), and spatial Dur-
bin model (SDM), which provide methods for analyzing 
spatial effect. Spatial effects, because of spatial correlation, 
can be characterized by the SLM and SEM. The SLM con-
siders the spatial autocorrelation of the explanatory vari-
ables and introduces the spatial lag term of the explana-
tory variables on the basis of traditional panel regression 
models, while the SEM considers the spatial correlation 
of the error terms and introduces the spatial lag term of 
the random error terms on the basis of traditional panel 
regression models. According to the research of Elhorst 
(2014), the SDM is a formula which is an ordinary type of 
the SLM and SEM. Compared with the SLM and SEM, the 
SDM can visually analyze the spatial effect of each con-
trol variable and explanatory variable on the explanatory 
variables and can better describe the spatial effect through 
direct and indirect effects (Vega & Elhorst, 2015). Tests 
later in this paper will provide support by using SDM. The 
following SDM model of market sentiment affecting hous-
ing price was developed.

,
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In Equation (2), W is the spatial weight matrix of 

N × N; Wij denotes the element in the i-th row and j-th 
column of the spatial weight matrix W; ρ, θk are the spa-
tial regression coefficients; βk are the corresponding pa-
rameters; N is the number of cities; n is the number of 
independent variables; p denotes the housing price and pit 
denotes the housing price in city i in period t; X denotes 
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explanatory variable in unit 1 up to unit n in time. The 
direct effect measures the magnitude of the effect of each 
unit change in the dependent variable in the region; and 
the indirect effect measures the magnitude of the effect 
of each unit change in the independent variable on the 
dependent variable in other relevant regions.

2.3. Data sources and spatial weighting matrix

(1) Data sources
Considering the representativeness of the data, we 

selected 36 large and medium-sized cities in mainland 
China for the study, including 31 provincial capitals and 
5 sub-provincial cities (Dalian, Qingdao, Ningbo, Xiamen, 
and Shenzhen), which have developed economies and 
large populations, and cover different regions of mainland 
China. However, due to the lack of relevant data or insuf-
ficient number of microblogs in 6 cities (Lhasa, Hohhot, 
Urumqi, Yinchuan, Xining, and Lanzhou), we excluded 
these cities in order to ensure data consistency, compara-
bility between cities, and unbiased regression results. The 
30 remaining large and medium-sized cities in mainland 
China were then selected as the study population and the 
specific city distribution is shown in Figure 1. In addition, 
China is a vast country with great imbalances in devel-
opment. Taking the 30 large and medium-sized Chinese 
cities analyzed in this paper as an example, they are geo-
graphically divided into eastern, central and western cit-
ies, with cities located in the former region differing more 
from those in the latter two regions, while those in the 
latter two regions differing less. We have therefore fur-
ther divided these 30 cities into the eastern region and 
the central and western regions according to geographi-
cal location and housing prices level. The 18 cities in the 
eastern region are Beijing, Changchun, Dalian, Fuzhou, 
Guanghzou, Hangzhou, Haikou, Herbin, Jinan, Nanjing, 
Ningbo, Qingdao, Shanghai, Shenyang, Shenzhen, Shi-
jiazhuang, Tianjin, Xiamen; The 12 cities in the central 
and western regions are Changsha, Chengdu, Chongqing, 
Guiyang, Hefei, Kunming, Nanchang, Nanning, Taiyuan, 
Wuhan, Xian, Zhengzhou.

Most studies of housing price trends examine annual 
changes in housing prices, but because housing prices of-
ten change significantly over the course of a year, examin-
ing housing price fluctuations on an annual cycle misses 
the true character of housing price changes. In addition, 
given the contagious and time-sensitive nature of market 
sentiment, the impact of market sentiment on the hous-
ing market is concentrated in the short term as homebuy-
ers react to market sentiment in the short term, quickly 
forming expectations about future housing prices and thus 
acting directly on their own purchasing behaviour, so the 
impact of market sentiment on the housing market will 
be concentrated in the short term. However, too short a 
periodical examination (e.g., on a daily or monthly basis) 
is also not very meaningful. On the one hand, due to the 
large transaction characteristics of housing products, the 
volume of market transactions in the short term is very 
limited and hardly has an impact on price fluctuations in 
the overall housing market. On the other hand, the col-
lection of social media data reveals that monthly data are 
insufficient for some cities, and quarterly data are even in-
sufficient for the six excluded cities. In addition, the spatial 
Durbin model used in this paper to study spatial effects is 
applicable to short panel data with sample sizes larger than 
the number of periods. On balance, therefore, quarterly 
data as a research cycle for housing prices takes into ac-
count both the availability of data and the assurance that 
actual changes in housing prices can be captured.

Based on the above considerations, this study uses a 
quarterly research cycle, using 30 large and medium-sized 
cities for 20 quarters from January 2016 to December 2020 
as the research sample. Except for the housing market sen-
timent index (S), which needs to be constructed separate-
ly, housing price data and economic fundamentals data 
were mainly obtained from the website of the Chinese 
National Bureau of Statistics (n.d.). Housing price (p) is 
the explained variable, which is expressed as the average 
sales price of commodity houses in prefecture-level cit-
ies and obtained by dividing the total sales price of com-
modity houses by the area of commodity houses sold, in 
yuan/m2. Housing price market sentiment (S) is the core 
explanatory variable and was constructed using text senti-
ment analysis techniques, as described in Section 2.1. The 
control variables are the amount of investment in property 
development, mortgage rates, and land prices, referring to 
the study of Huang et al. (2019), Hui and Ng (2016). The 
amount of investment in property development reflects 
the level of development of the housing market, with the 
symbol inv, expressed as the amount of completed invest-
ment in residential real estate development, in billions of 
yuan. Mortgage rates reflect the impact of national macro 
policies on housing price, with the symbol r in %. Nomi-
nal mortgage rates were taken from the People’s Bank of 
China website. As nominal mortgage rates are the same 
across cities, it is not possible to explore the impact of 
mortgage rates on housing price, so the nominal mortgage 
rates were deflated by the Consumer Price Index (CPI) Figure 1. Map of 30 large and medium-sized cities in  

mainland China

Legend
Central and Western regions
Eastern region
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for each city to obtain the real mortgage rates for each 
city. The land price reflects the cost of the property, with 
the symbol l, expressed in yuan/m2 using the average floor 
area price of land sold in the residential category. In addi-
tion, to eliminate the effect of inflation p, inv, and l were 
transformed into real variables by deflating the CPI.
(2) Spatial weighting matrix

As can be seen from both the estimation of the model 
and the measurement of the spatial effect, the choice of 
the spatial weighting matrix is very important in relation 
to the empirical results. The spatial proximity weighting 
weights (assuming that things are connected only between 
regions with a common boundary, two regions with a 
common boundary take the value of 1, and two regions 
without a common boundary take the value of 0) and the 
spatial distance weighting weights distance (assuming that 
the spatial interaction between two regions is inversely 
proportional to the distance between the two regions) are 
the most intuitive and commonly used methods. The spa-
tial proximity weighting matrix cannot truly reflect the 
spatial association due to the lack of data for cities such 
as Lhasa. Therefore, the spatial distance weighting matrix 
was chosen in this study and its matrix elements (Wij) 
were obtained according to Equation (5).

1/ ,
0,

ij
ij

d i j
W

i j
≠=  =

.

 

(5)

In Equation (5), dij denotes the distance between city i 
and city j, and the specific values are obtained by calculat-
ing the spherical semi-positive vector distance from the 
latitude and longitude of city i and city j. The latitude and 
longitude data for cities were obtained from the National 
Geomatics Center of China (n.d.).

3. Empirical analysis

3.1. Descriptive analysis of data

Using the method described in Section 2.1, we ended up 
with a total of 3861862 Sina Weibo tweets. Our statistics 
show that the number of Sina Weibo tweets posted in Chi-
na’s top tier cities (Beijing, Shanghai, Shenzhen and Guang-
zhou) ranged from 150,000–200,000, and the number of 
tweets in other cities besides these four cities also remained 
between 100,000 and 150,000, and Figure 2 shows the tem-
poral distribution of the number of Sina Weibo tweets.

From Figure 2, we can see that the average number 
of Sina Weibo tweets per city is greater than 5,000 per 
quarter in both the eastern cities and central and western 
cities, showing an upward trend over time. In addition, 
the average number of Sina Weibo tweets per city per 
quarter is greater in the eastern cities than in the central 
and western cities. This provides a sufficient data source 
for the next step of sentiment analysis. We also analysed 
the user groups posting the above collected Sina Weibo 
tweets and calculate the average age of Sina Weibo users 
of the collected tweets to be 33.4 years old. According to 
statistics, the average age of Chinese homebuyers is 33.2 
years old, and the average age of our selected group of 
Sina Weibo users is roughly the same as the average age 
of homebuyers, indicating that our selected users are likely 
to be potential homebuyers. This further suggests that it is 
appropriate to characterize the sentiment of homebuyers 
by measuring the sentiment of these Sina Weibo groups. 
In addition, we plotted a line graph of the average housing 
price in the eastern cities and the central and western cities 
to reflect the characteristics of housing price fluctuations 
in the two regions, and the results are shown in Figure 3.

Figure 2. The number of quarterly Sina Weibo tweets in 30 cities in mainland China

a) Eastern Cities b) Central and Western Cities
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From Figure 3, we can see that housing prices in the 
eastern cities are generally higher than those in the cen-
tral and western cities. During the period from 2016 to 
2020, the housing prices of 30 large and medium-sized 
cities all show an upward trend. The average value of 
housing prices in eastern cities is above 20,000 yuan per 
sqm, while the housing price level in central and western 
cities is less than 15,000 yuan per sqm, thus also illustrat-
ing the huge difference in housing prices between the 
eastern cities and the central and western cities. There-
fore, it is not only necessary to analyse the spatial ef-
fects of the whole sample, but also to subdivide the study 
sample and analyse the spatial effects of different regions.

In the subsequent regression analysis, the values of 
p, inv, and l were taken in logarithmic form to eliminate 
the effect of heteroskedasticity in the empirical process. 
Descriptive statistics for each variable are shown in Ta-
ble 2. The results of the sentiment index are in line with 
expectations. China’s housing prices as a whole are on an 
upward trend, while the group we are looking at does not 
want to see this, so the average level of overall sentiment 
is negative, expressed as the mean sentiment index of less 
than zero.

3.2. Statistical tests for model form selection

Table 3 shows the test values of the Moran’s I index for p 
and S for the 30 large and medium-sized cities. As can be 
seen from Table 3, the Moran’s I values are significant and 

greater than 0 for each year for both p and S, indicating 
a significant positive spatial correlation between housing 
price and market sentiment in these cities. The Moran’s I 
value for housing price was relatively stable from 2016 to 
2020, with values around 0.3, indicating a strong positive 
spatial correlation with housing price. The Moran’s I value 
of S had a small but year-on-year increase in value, reach-
ing a maximum in 2019 and falling back in 2020. Both p 
and S are spatially autocorrelated, so it was necessary to 
consider the spatial correlation between housing price and 
market sentiment in the empirical process for each city. A 
spatial econometric model was needed to further analyze 
the spatial effect of market sentiment on housing price, 
otherwise the regression results would be biased.

Hausman test results indicate that the analysis rejects 
the null hypothesis and passes the significance test at a 
1% level of confidence, so a spatial econometric model 
that includes the fixed effect needed to be developed. Balta 
(2009) also pointed out that the fixed effect is generally the 
best choice when the study sample is restricted to certain 
specific individuals.

In order to determine which model was optimal among 
the SLM, SEM, and SDM, the LM statistic needed to be 
calculated and the results are shown in Table 4. The null 
hypothesis for the LM_lag and robust LM_lag tests is that 
there are no spatial lag effects in the model. The null hy-
pothesis for the LM_error and robust LM_error tests is 

a) Eastern Cities b) Central and Western Cities
Figure 3. The quarterly housing price in 30 cities in mainland China

Table 2. Descriptive statistics for each variable

Variable Mean Std. Dev. Min Max

log(p) 9.748 0.618 8.840 11.336
S −0.349 0.198 −0.681 0.396
r 4.574 0.682 2.797 6.345

log(inv) 4.470 0.898 1.121 5.713
log(l) 9.252 0.941 7.858 11.403

Table 3. Moran’s I values for p and S from 2016 to 2020

Year p S

2016 0.316* (0.064) 0.106* (0.076)
2017 0.312* (0.067) 0.108* (0.099)
2018 0.337* (0.050) 0.119* (0.097)
2019 0.329* (0.061) 0.237** (0.022)
2020 0.326* (0.058) 0.151** (0.041)

Note: ** and * indicate coefficients are statistically significant at 5% and 
10%, respectively.
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that there are no spatial error effects in the model. If there 
are only spatial lag effects, the SLM is optimal; if there are 
only spatial error effects, the SEM is optimal; if there are 
both spatial lag effects and spatial error effects, the SDM 
is optimal. The test results show that the non-spatial panel 
model passes the LM lag, robust LM lag, LM error, and 
robust LM error tests at a 1% level of significance. This sug-
gests both null hypotheses are rejected and there are both 
spatial lag effects and spatial error effects in the model. To 
sum up, this study builds an SDM.

Table 4. Statistical tests results for form selection

Statistic

LM_lag 550.714***
Robust LM_lag 66.744***
LM_error 486.885***
Robust LM_error 2.916*

Note: *** and * indicate coefficients are statistically significant at 1% and 
10%, respectively.

Before spatial econometric model regression, an LR 
test was used to verify whether the SDM would be con-
verted into the SLM or SEM. The two null hypotheses of 
the LR test were: 1) that the SDM was simplified to the 
SEM; and 2) that the SDM was simplified to the SLM. 
If the LR test reaches significance, the null hypothesis is 
rejected. Table 5 presents the Z and P values for the LR 
test. According to the test results, both null hypotheses 
were rejected, thus indicating that the SDM under a fixed 
effect is robust and more suitable for the data character-
istics studied here.

Table 5. LR test results

Null hypothesis Z_value P_value

SDM simplified to SLM 21.84*** 0.0002
SDM simplified to SEM 302.40*** 0.0000

Note: *** indicates coefficients are statistically significant at 1%.

3.3. Overall effect of market sentiment on  
housing price

Based on the established SDM for regional housing price 
(Equation 2), regressions were conducted on panel data 
from 30 large and medium-sized cities in China using 
STATA version 16 (Stata Corporation, College Station, 
Texas, USA) and the estimated results are shown in the 
4th column of Table 6. The estimation results for the fixed 
effects non-spatial panel models without and with the in-
clusion of the sentiment index are given in the 2nd and 
3rd columns of Table 6. From the 2nd and 3rd columns, 
the R2 of the model increases from 0.4526 to 0.4935 sup-
porting the idea that that adding a sentiment index to 
the underlying market model enhances the model’s abil-
ity to explain housing price volatility (Ling et al., 2014). 
The results comparing between the 3rd and 4th columns 
show that spatial correlation should be fully considered 
in the analysis of housing price, meaning that it is rea-
sonable to use the SDM. Firstly, the spatial autoregressive 
coefficient (ρ = 0.5783) is significant, which suggests that 
housing price is spatially correlated. Secondly, compared 
to the fixed-effects panel model, the R2 of the SDM has 
improved, with the regression coefficient of inv decreas-
ing from 0.327 to 0.076, the regression coefficient of l de-
creasing from 0.213 to 0.077, and the regression coefficient 
of S decreasing from 0.179 to 0.080, indicating that the 
fixed-effects panel model does not take into account the 
spatial correlation of housing markets between cities and 
overestimates the impact of these factors on housing price.

From column 3 of Table 6, the coefficient for S is 0.080, 
which is significant at the 1% level. This indicates that 
market sentiment has a significant positive effect on hous-
ing price. It indicates that positive market sentiment tends 
to boost public expectations of future housing prices, 
stimulating enthusiasm to invest in the property market, 
which in turn drives up housing prices. The coefficient of 
W × S is 0.011, which implies that market sentiment in the 
local city has a spatial effect of promoting higher housing 
prices in neighboring cities. The coefficients of inv and l 

Table 6. Estimated results for whole sample

Variable Non-spatial panel model without S Non-spatial panel model SDM

S 0.179***(5.64) 0.080***(3.52)
inv 0.355***(5.18) 0.327***(5.12) 0.076**(2.38)
r −0.009(−0.54) −0.014(−0.80) −0.036(−1.28)
l 0.243***(6.73) 0.213***(6.52) 0.077***(14.00)

W × S 0.011(0.63)
W × inv 0.039(1.01)
W × r 0.031(1.26)
W × l 0.065***(7.55)
ρ 0.5783***(31.21)
R2 0.4526 0.4935 0.6451

Log_L 2492.3507

Note: *** and ** indicate coefficients are statistically significant at 1% and 5%, respectively. Z-values are given in parentheses.
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are positive and significant, indicating that increased in-
vestment by property developers and higher land prices 
have positive driving effects on housing prices. The coef-
ficient of r is negative, indicating that mortgage rates have 
a negative effect on housing prices.

Due to the inclusion of a spatial lag term in the model, 
the coefficients of the estimation results do not directly 
reflect the marginal effects of the variables. The param-
eters of the coefficients do not represent the exact degree 
of influence and only indicate whether independent vari-
able has a significant effect on housing prices. Therefore, 
a partial differential method was used to calculate the di-
rect effects, indirect effects, and total effects to measure 
the exact degree of influence of the variables, with the 
results shown in Table 7. As can be seen from column 4 
of Table 7, the total effects of S, inv, and l are 0.216, 0.278, 
and 0.339, respectively, and all pass the significance test, 
indicating that market sentiment, investment in property 
development, and land price are all important factors in 
driving up housing price.

As shown in Table 7, market sentiment has a signifi-
cant positive direct effect on housing prices. From row 1 of 
Table 7, the direct effect coefficient of S on housing price 
is 0.185, which is significant at the 1% level. This is mainly 
due to the particularities of China’s housing market, which 
has developed over a relatively short period of time, does 
not have a robust information-disclosure mechanism, is 
less transparent, and is typically a non-effective market. 
Unlike the stock market where there are more institu-
tional investors, the majority of participants in China’s 
housing market are individuals or households, who have 
less information, and this asymmetry of information may 
lead to a tendency to follow the actions of others who are 
perceived to be better informed. This “herding behavior” 
allows emotions to play a greater role. In addition, the pe-
culiarities of the illiquid housing market and the restric-
tions on short selling, combined with a series of regulatory 
policies in China such as purchase and sale restrictions, 
further reduce the likelihood of rational and sophisticated 
participants entering the market to offset mispricing. As 
a result, market sentiment is more likely to have a strong 
and lasting impact on China’s housing market.

However, it is important to note that a positive coeffi-
cient on the housing market sentiment indicator does not 
indicate that sentiment is positive, but only those changes 
in market sentiment are in the same direction as fluctua-

tions in housing prices. As sentiment in the Chinese hous-
ing market is generally negative, a positive change in mar-
ket sentiment implies a weakening of the negative course 
of market sentiment. This is mainly due to the fact that the 
direction of change in market sentiment is determined by 
the size of the increase in housing prices rather than the 
growth or fall in housing prices. On the one hand, when 
housing prices rise sharply, the negative voice in the mar-
ket increases and the negative change in market sentiment 
is reflected in a fall in the sentiment index. As a result 
of the severe negativity in market sentiment, home buy-
ers are full of complaints about the sharp rise in housing 
prices. In order to eliminate the negative impact of rising 
negative sentiment on society, the government will enact 
strict property market regulation measures to curb the rise 
of property prices. On the other hand, when housing price 
rises become smaller, although market sentiment is still 
negative overall, the degree of negativity decreases and is 
reflected in an increase in the market sentiment index, 
which is an indication of a positive change in market sen-
timent. With the positive change in market sentiment, the 
negative voices in market sentiment diminish, the market 
becomes relatively calm and the government adopts mild 
real estate market controls, which in turn promote higher 
housing prices. We thus find that positive changes (the 
negative voice in housing market decreases) in market 
sentiment boost housing prices and negative changes (the 
negative voice in housing market increases) dampen them, 
suggesting that changes in market sentiment and housing 
price fluctuations are consistent, indicating that changes in 
market sentiment have a positive effect on housing price 
fluctuations, resulting in a positive coefficient for the sen-
timent index. As the rate of increase in housing prices 
in China’s 30 large and medium-sized cities is currently 
levelling off (as shown in Figure 3), the negative voices 
in the market have diminished and market sentiment has 
changed positively, which in turn has contributed to the 
rise in housing prices. This explains the phenomenon that 
housing prices are rising despite the fact that market senti-
ment is the overall negative.

Row 1 of Table  7 also shows that the indirect effect 
coefficient of S is 0.031, which is significant at the 10% 
level, indicating that market sentiment has a significant 
positive spatial spillover effect on housing price, with a 
positive change in market sentiment not only boosting 
housing prices in the city but also contributing to a rise 
in housing prices in other cities. We argue that the rea-
son for the spatial effect of market sentiment on housing 
prices comes from the rigid demand of the homebuyer 
group. The Chinese believe that “a house means a home”, 
plus in China the youth group is the main home buyer 
and owning a home is a pre-requisite for them to get mar-
ried, so home buyers are more sensitive to information 
on housing prices. When the market sentiment index of 
a city rises, it indicates that the previous housing price 
rises in that city have previously become smaller. Home 
buyers in the city will share their views online, and home 
buyers in neighbouring cities will receive these messages 

Table 7. The direct, indirect, and total effects of the  
whole sample

Variable Direct effect Indirect effect Total effect

S 0.185***(4.57) 0.031*(1.73) 0.216***(4.53)
inv 0.184***(2.96) 0.094***(3.20) 0.278***(4.21)
r −0.040(−1.03) 0.030(1.32) −0.010(−0.26)
l 0.237***(7.58) 0.102***(9.00) 0.339***(13.11)

Note: *** and * indicate coefficients are statistically significant at 1% 
and 10%, respectively. Z-values are given in parentheses.
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through social media. Due to rigid demand, they will 
have expectations that housing price rises in their city 
will also become smaller, at which point the market senti-
ment changes positively and the market sentiment index 
will rise. As changes in market sentiment have a positive 
effect on house price volatility, it can lead to a small in-
crease in housing prices of neighboring cities. In addition, 
the indirect effect is smaller than the direct effect due to 
the time-sensitive nature of the spread of market senti-
ment and the fact that local home buyers are more likely 
to be affected by local market sentiment and thus engage 
in home-buying behavior causing housing price volatility. 
Although the spatial spillover effect is smaller than the 
direct effect, it is still not negligible.

Among the control variables, investment in property 
development and land price have a significant positive ef-
fect on housing price in the city, while mortgage interest 
rates have a negative but non-significant effect on hous-
ing price. The direct and indirect effects of inv are 0.184 
and 0.094, respectively, both significant at the 1% level, as 
shown in row 2 of Table 7. Row 3 of Table 7 shows that 
the direct and indirect effects of l are 0.237 and 0.102, both 
significant at the 1% level. The direct and indirect effects 
of r do not pass the significance test, as shown in row 4 of 
Table 7. This may be related to the excessive rise in hous-
ing prices in China, where a reduction in mortgage rates 
is not effective in increasing market demand due to high 
housing prices, and therefore does not have a significant 
effect on housing price volatility. The above analysis sug-
gests that positive changes in housing market sentiment, 
increased investment in property development, and rising 
land prices all contribute to higher housing prices in local 
and neighboring cities.

3.4. Comparing results for different regions

When analyzing the spatial effect, it is necessary to exam-
ine the geographical regional differences in market senti-
ment affecting housing price. This study therefore divides 
the 30 large and medium-sized cities into the eastern re-
gion and the central and western regions by geographical 
location. In China, the eastern region of the country was 
the first to open up and has a high level of economic de-
velopment, while the central and western regions are less 
economically developed. Table 8 gives the estimation re-
sults from the SDM for the eastern region and the central 
and western regions. The results of two sub-samples are 
consistent with the whole sample, thus demonstrating the 
robustness of the model.

The results in Table 8 show that the total effects of S, 
inv, and l are positive and significant in both the eastern 
region and the central and western regions. The total ef-
fects of S are 0.240 and 0.149 in the eastern region and the 
central and western regions, respectively; the total effects 
of inv are 0.287 and 0.167 in the eastern region and the 
central and western regions, respectively; and the total ef-
fects of l are 0.333 and 0.746 in the eastern region and the 
central and western regions, respectively. This indicates 

that housing prices in eastern cities are more influenced 
by market sentiment. Among the economic fundamentals 
factors, property development investment has a stronger 
effect in the eastern region than in the central and western 
regions, while land price has a greater degree of influence 
in the central and western cities. Unlike the other vari-
ables, the total effect of r is negative and insignificant for 
housing prices in both the eastern region and the central 
and western regions, consistent with the whole sample, in-
dicating that an increase in mortgage rates does not have 
a significant negative impact on housing price volatility.

The direct effects of S are 0.205 and 0.117 in the eastern 
region and the central and western regions, respectively, 
both significant at the 1% level. This indicates that housing 
price is significantly influenced by the local market senti-
ment and that this effect is stronger in the eastern region 
than in the central and western regions. The eastern hous-
ing market is the core component of China’s housing mar-
ket, with a higher level of development, a larger resident 
population, high resident income, strong purchasing pow-
er, higher public market participation, more active transac-
tions, and information asymmetry. However, at the same 
time, due to high housing prices, the rate of home owner-
ship is rather lower, resulting in a greater demand for rigid 
home ownership. These conditions make homebuyers also 

Table 8. Results of SDM for Eastern region and Central and 
Western regions

Variable Eastern Central and 
Western

S 0.089***(3.86) 0.066**(2.44)
inv 0.076*(2.39) 0.1269***(2.84)
r −0.037(−1.32) −0.020(−0.57)
l 0.077***(3.97) 0.274***(11.17)

W × S 0.012(0.70) 0.019(0.94)
W × inv 0.044(1.14) −0.032(−0.66)
W × r 0.031(1.26) 0.013(0.35)
W × l 0.065***(3.48) 0.1553***(9.18)

Direct 
effect

S 0.205***(5.19) 0.117***(3.28)
inv 0.192***(3.12) 0.129***(3.16)
R −0.042(−1.09) −0.016(−0.51)
l 0.233***(7.23) 0.536***(9.89)

Indirect 
effect

S 0.035*(1.90) 0.032(1.53)
inv 0.095***(3.23) 0.038(0.67)
r 0.030(1.32) 0.004(0.10)
l 0.102***(9.45) 0.210***(14.05)

Total
effect

S 0.240***(5.21) 0.149***(3.54)
inv 0.287***(4.39) 0.167***(2.98)
r −0.012(−0.32) −0.012(−0.31)
l 0.333***(12.74) 0.746***(13.17)

R2 0.6485 0.8999
Log_L 2495.3673 700.7661

Note: ***, **, and * indicate coefficients are statistically significant at 1%, 
5%, and 10%, respectively. Z-values are given in parentheses.
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more susceptible to market sentiment, with stronger levels 
of disposition effects, noisy transactions, and herd utility in 
the housing market, leading to irrational home-buying be-
havior, which further exacerbates irrational housing price 
increases. So the direct effect of market sentiment on hous-
ing price is stronger in the eastern region.

In the eastern region, the indirect effect of S is 0.035, 
indicating that market sentiment has a positive spatial 
spillover effect on housing price in the eastern region; 
that is, higher market sentiment has a positive impact on 
neighboring cities’ housing prices. The indirect effect of S 
in the central and western regions is not significant, indi-
cating that no significant spatial spillover effect of market 
sentiment occurs in the central and western cities. This 
shows that the spatial spillover effect of market sentiment 
in China’s housing market mainly comes from the eastern 
region. This phenomenon may be due to the differences in 
the levels of city development and population movement 
between the eastern region and the central and western 
regions. Cities in the eastern region are mostly munici-
palities directly under the central government, regional 
central cities, economically developed eastern regions, 
and open coastal cities, which not only have strong eco-
nomic bases and large middle class populations, but also 
have convenient transportation and the ability to radiate 
to many surrounding cities. Cities in the eastern region 
therefore have strong demographic competitiveness, mak-
ing it easier for them to attract an inflow of people, espe-
cially young people, which in turn spreads market senti-
ment in the cities in the eastern region and has a strong 
spatial spillover effect on housing price.

Conclusions

This study has tested the impact of market sentiment on 
housing price in the social media environment from the 
perspective of behavioral finance theory. We used text sen-
timent analysis techniques to capture housing market sen-
timent in social media and constructed a housing market 
sentiment index for 30 large and medium-sized cities in 
China, which uses the advantages of big data such as time-
liness and foresight to make up for the shortcomings of 
using indirect indicators such as macroeconomic indica-
tors to characterize sentiment. Considering the existence 
of correlation in the housing market and the phenom-
enon of propagation of market sentiment, an SDM has 
been constructed and empirically analyzed to verify the 
spatial effect of market sentiment on housing price vola-
tility, while avoiding the problem of omission of spatial 
utility found in most studies and improving the precision 
of parameter estimation, which is novel in this research 
area in relation to studying the spatial spillover effect of 
market sentiment. In addition, this study has explored the 
heterogeneity of the spatial effect of market sentiment on 
housing price from the perspective of geographical region.

The study concludes that market sentiment, invest-
ment in property development, and land price all affect 

housing price. Ignoring the spatial correlation of housing 
markets would overestimate the impact of each factor on 
housing prices. For the total sample, a positive change in 
housing market sentiment leads not only to an increase in 
local housing price (a direct effect), but also to increases 
in neighboring cities (an indirect effect). In other words, 
market sentiment affects housing price inflation in two 
ways: the first is by directly influencing the expectations of 
local home buyers, which in turn increases price changes 
in the local housing market, as reflected by the direct ef-
fect coefficient; and the second is by influencing the ex-
pectations of home buyers in neighboring cities through 
spatial spillover effects, leading to increased price changes 
in the neighbouring cities’ housing markets, as reflected by 
the indirect effect coefficient. The indirect effect is smaller 
than the direct effect. This process provides us with the 
possibility to explore the fluctuation of house prices and 
the future trend of the real estate market. In addition, the 
spatial effect of market sentiment on housing price is het-
erogeneous in terms of geographical region. In the eastern 
region, the direct effects of market sentiment are stronger 
than in the central and western regions, while spatial spill-
over effects are observed only in the eastern region.

The study also has policy implications, as the findings 
can help governments and policymakers understand fu-
ture housing price volatility based on market sentiment 
and become better able to formulate strategies to achieve 
a healthy housing market. Governments and policymakers 
can use this housing market sentiment index as a monitor-
ing indicator of online market sentiment and incorporate 
it into an early-warning system for the housing market. 
When the housing market sentiment index changes too 
much, timely measures can be taken to stabilize market 
sentiment and thus stabilize local and neighboring cities’ 
housing prices. The government should also consider the 
housing market sentiment index to reflect public expecta-
tions and pay attention to changes in public opinion when 
formulating real estate regulation policies, strengthen the 
management of housing market sentiment in social me-
dia, and consider the strength and direction of policies, 
so as to effectively achieve its macroeconomic regulation 
objectives for the housing market.
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