£} Routledge

-1 Taylor &Francis Group

Emerging Markets Finance and Trade

ISSN: 1540-496X (Print) 1558-0938 (Online) Journal homepage: www.tandfonline.com/journals/mree20

Real Estate Confidence Index Based on Real
Estate News

Yukun Ma, Bin Xu & Xiaofei Xu

To cite this article: Yukun Ma, Bin Xu & Xiaofei Xu (2018) Real Estate Confidence Index
Based on Real Estate News, Emerging Markets Finance and Trade, 54:4, 747-760, DOI:
10.1080/1540496X.2016.1232193

To link to this article: https://doi.org/10.1080/1540496X.2016.1232193

% Published online: 25 Oct 2017.

\]
[:J/ Submit your article to this journal &

||I| Article views: 394

A
h View related articles &'

View Crossmark data &'

CrossMark

@ Citing articles: 2 View citing articles (&

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=mree20


https://www.tandfonline.com/journals/mree20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/1540496X.2016.1232193
https://doi.org/10.1080/1540496X.2016.1232193
https://www.tandfonline.com/action/authorSubmission?journalCode=mree20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=mree20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/1540496X.2016.1232193?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/1540496X.2016.1232193?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/1540496X.2016.1232193&domain=pdf&date_stamp=25%20Oct%202017
http://crossmark.crossref.org/dialog/?doi=10.1080/1540496X.2016.1232193&domain=pdf&date_stamp=25%20Oct%202017
https://www.tandfonline.com/doi/citedby/10.1080/1540496X.2016.1232193?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/1540496X.2016.1232193?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=mree20

Routledge

Taylor & Francis Group

Real Estate Confidence Index Based on Real Estate News

Yukun Ma', Bin Xu', and Xiaofei Xu?

'Department of Computer Science and Technology, Tsinghua University, Beijing, China; *School of
Social Sciences, Tsinghua University, Beijing, China

Copyright © Taylor & Francis Group, LLC
ISSN: 1540-496X print/1558-0938 online
DOI: https://doi.org/10.1080/1540496X.2016.1232193

Emerging Markets Finance & Trade, 54:747-760, 2018 g
%&

ABSTRACT: A real estate confidence index (RECI) is used to evaluate real estate industry development,
and it has become an effective and powerful measure in China’s real estate market (REM). RECI research
based on big data is the new trend in finance and economics. In this article, we apply some methods of
text classification to research on the construction of RECI. First, the Naive Bayes algorithm is used to
evaluate data and to classify the extent to which this measure describes confidence in the REM. Second,
experiments on different perspectives are performed to probe the relationship between variables and the
accuracy of the classifier. Third, we use the classifier to predict the weekly news. Ultimately, construction
of the RECI based on financial and economic news is achieved by applying the classifier to the time and
existence of major financial and economic news.

KEY WORDS: accuracy, naive Bayesian, RECI, text classification

The real estate index (real estate confidence index [RECI]) is very important to the real estate market
(REM) as well as the wider economy. First of all, RECI is a reflection of the residents’ desire to buy
real estate, which can directly impact the investment demand. In accordance with the principles of
macroeconomics, the purchase of real estate and other fixed assets should be attributed to the
investment demand. China is a country with special preference toward real estate, in addition to the
purchase of property owner occupied and the preference of Chinese residents with the purchase in the
form of real estate asset value. In addition, Chinese residents always take the real estate as a gift to the
descendants. Therefore, RECI determines the behavior of residents to buy real estate. Once the RECI
enhances, residents will buy real estate, which will increase investment demand and the total GDP.
Second, RECI indirectly impacts consumer demand. China’s real estate prices have been very high.
Beijing, Shanghai, and other first tier cities are even higher. Residents’ purchases of real estate are
mostly in the form of loans. Thus, once the RECI increases, residents will use loans to buy real estate.
Then, the level of residents’ consumption will decline, which will reduce the consumer demand and
will impact the GDP. Third, RECI also affects other aspects of the economy. With the changes of
RECI, residents will change their demands on stocks, bonds, foreign exchange, and other financial
assets. If the RECI increases, residents will choose to invest in real estate, and then the investment in
stocks, bonds, foreign exchange market funds will be reduced, which will affect the development of
those types of markets. Because RECI exerts great importance to REM and other economy fields,
many researchers have made a lot of exploration in these areas. For example, Shiller (2008) used
sentimental data to inform on turning points in the REM. Clayton, Ling, and Naranjo (2009) explored
the role of sentiment versus fundamentals in commercial real estate valuation. Recently, Lang and
Schaefers (2015) used an economic confidence index in a study of European real estate sector stock
returns. In summary, RECI has a great impact on many variables of macroeconomy and then affects
the whole economy. It is very clear that RECI is a critical variable in economy analysis.

In China, concern has grown over the real estate industry, and it serves as an indicator of national
economic development. Increased public attention to this market has resulted in demand for effective
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and efficient evaluation of RECI. In western countries, RECI has become a popular system that reflects
and effectively measures the REM. However, the REM in China is far different from those of other
countries, despite the use of readymade evaluation indices. Moreover, the healthy development of the
REM is important for economic growth, industrial structure, and population quality of life. More
importantly, both market and governmental disability are inevitable when addressing China’s incom-
plete REM problems. Consequently, the RECI needs to be more heavily studied, and a new effective
evaluation index specific to the Chinese REM is necessary.

Opinions differ greatly with respect to real estate confidence, which seems to be a drawback in
RECI construction because of the need to take additional factors into consideration. Otherwise, the
index we construct will turn out to be ineffective. For instance, a traditional technical framework for
constructing a domestic real estate index and its architecture mainly stem from analysis of the domestic
REM and overseas experiences. The confidence indices mainly include efficient supply and demand,
latent demand, and latent supply. As for the efficient supply and demand index, 25 factors influencing
efficient supply and demand for housing were analyzed via questionnaire and factor analysis. Four
main factors were determined from this analysis including population, purchasing power, price, and
market. Some relevant index models are established based on these factors. However, the factor we
have chosen to construct the RECI may not fully indicate people’s opinions. For example, some
seemingly unimportant factors that exert great influence may be omitted while others are emphasized.
Therefore, direct consideration of people’s opinions about real estate may be a valid approach for
constructing the RECI. An abundance of news about real estate offers the chance to collect data about
confidence in real estate. So, after some surveys and analysis are conducted, we find that people’s
sentiments about real estate news have close relationships with housing prices and the change of REM.
For instance, if most people hold a pessimistic attitude toward the news they read, that may hint
housing price rises fast and they never afford, and vise versa. This tendency can be caught in the latter
news labeling. In fact the news labeling procedure is part of our survey. Real estate news is useful data
and contributes to information-oriented measurement. However, we must answer three questions
regarding such information: (1) How to get more people’s opinions about real estate? (2) How to
deal with the different opinions from different people? (3) How to balance the data’s objectivity and
human subjectivity? As for the first question, the answer is presented in the data description. The latter
two questions need to be probed by experiment and will be answered later.

The construction of the RECI is based on emerging data and assessments. Machine learning is used
to generate a classifier to help people make judgments about the real estate news. An illusion we may
have is that the assessments from only one person will generate a high-accuracy classifier. However,
one person’s opinion may not represent those of others’. Different assessments from different people
may reduce the discrimination of news differences but may turn out to be valid. Reducing discrimina-
tion means reducing the quality of the classifier, which becomes a paradox we must handle. The naive-
Bayes algorithm and support machine vector (SVM) are widely used and have proven to be very
effective. In this article, two algorithms are implemented to generate two classifiers. The one with the
best performance will be chosen. Additionally, other factors (e.g., titles, news origins, number of
labels, and accuracy) in real estate news need to be considered, and their relationship may enhance the
quality of the classifier.

The RECI will be issued weekly. Therefore, the classifier computes a probability value each week
and the weekly probability value is based on the probability values of each of the 7 days of the week.
Thus, the discrete model classifier is transformed into a continuous model classifier and the prediction
value can be obtained every week. Ultimately, the RECI trend can be revealed by the continuous
weekly prediction value.

In summary, we consider real estate news as big data and some effective machine-learning methods
are applied to the dataset so the RECI can reflect the REM. The contributions of this work include the
following:

» We formally propose a new perspective on big data to construct the RECIL.
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* We use real estate news as the medium to reflect people’s confidence about the REM in China
and apply the machine-learning method of text classification to construct China’s RECIL

* We deeply probe the relationship between elements in the news on real estate and accuracy of the
classifier.

Related work on RECI and sentimental text classification is summarized first. Then, we describe
the elementary theories of the classification algorithms. Detailed experimental data are provided in the
following section. After that, we show experimental results applied to our dataset and provides
detailed analysis of the results. The conclusions of the article are made, and then suggestions for
future work are presented..

Related Work

Research on the RECI appeared earlier in foreign countries and a relative index, called the consumer
confidence index (CCI), was proposed. Assessments of confidence in this article are derived from
latent or direct household consumers. Consequently, the construction of the CCI has useful implica-
tions in constructing the RECI. As research on the CCI has shown, this measure has achieved
favorable performance in western developed countries. Moreover, the RECI based on consumer
sentiment has helped inform policy for the REM. Since the second quarter of 1999, the Research
Centre for Real Estate at Texas A&M University has been constructing the Texas RECI (TRECI),
releasing data regularly. The principle of the TRECI is similar to that of the CCI. Specifically, the
TRECI chooses the number 100 as the threshold value and a booming market is signified when the
index is more than this level. Otherwise, a recession market is said to take place. In the last few years,
the construction of news-based sentiment/confidence measures has become more prevalent in the
finance literature. In 2007, Tetlock quantitatively measured the interactions between the media and the
stock market and found that high media pessimism predicted downward pressure on market prices
followed by a reversion to fundamentals and unusually high or low pessimism predicted high market
trading volume. In 2011, Engelbers and Parsons compared the behaviors of investors with access to
different media coverage of the same information event to solve the problem of disentangling the
causal impact of media reporting from the impact of the events being reported. They found that local
coverage strongly predicted local trading, after controlling for earnings, investor, and newspaper
characteristics. In China, some research on the RECI has been undertaken. For example, the BRE
Index was compiled by Hong Kong Polytechnic University for the Hong Kong residential property
market. The BREI is similar to that of the CCI and is derived from questionnaires about the REM. The
methods applied in the RECI are varied. However, its basic principle is not different from the CCI.
Some insignificant differences appear in the content of the index, selected threshold, size of the
sample, and computation details. Another example of RECI is based on web GIS and SPSS WebAPP.
In this study, a new RECI system is developed by integrating latent supply data, current demand, and
GIS and WebAPP technologies. The dissemination of indices is effectively conducted by using online
technologies. Generating the RECI according to the people’s confidence is undoubtedly feasible. The
article drew from the CCI to reconstruct the RECI based on financial and economic big data. Data
were gathered via consumer confidence. The advantage of constructing the RECI based on big data
mainly lies in the ability to collect real-time data.

In this article, some machine-learning algorithms are involved. Text classification is widely applied
to a range of fields, and research in this area is growing. With the development of the Internet and the
advent of the big data era, text classification shows great data analytic potential. Since Salton and
McGill proposed the bag-of-words model, plenty of algorithms have used this model to undertake
classification. Naive Bayes algorithm is also based on this model, and the algorithm is very simple and
effective. The Naive Bayes algorithm has two kinds of models. One is the Bernoulli model, and the
other is the multinomial model. In 1998, McCallum and Nigam showed that the multinomial model
performs better. The classifier algorithm in this article is based on the multinomial model. The
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classifiers based on Naive Bayes have been generated via different improved ideas, but the improve-
ment varies based on data in the experiments. Enhancement of the classification ability is necessary in
this article. The other algorithm involved in this article is the SVM. SVM has been successfully used
in classification and has been proved to be efficient for the analysis of high-dimensionality data. SVM
is a profound mathematic theory, and many of its variants have been widely studied. SVM can deal
with different data because of kernel function. For classification, many researchers have worked on
machine memory reduction and cost—time optimization, which are very useful in practical settings.

As for different text data, a theoretically effective algorithm may perform badly in the experiment.
Thus, it is necessary to implement more than one algorithm to make some comparisons. In this article,
experiments will be conducted to prove that the Naive Bayes model is more effective than SVM,
despite the theoretical elegance and superiority of the latter.

Basic Theories

In this section, we provide the basic mathematic theories of the Naive Bayes model and SVM.
However, some preliminaries first need to be presented. Text classification refers to the assignment
of a text document to one or more labels. The labels of the training corpus are most often assigned
manually, and the purpose of text classification is to train the corpus to generate a classifier and label
more documents algorithmically. We consider a document as a large vector, and some important
features are selected according to different algorithms. The selected features generate the feature
vector, which will be practically used in the classification. Stronger discriminability of the features
vector results in higher accuracy of the classifier. However, the phenomena of ambiguity in Chinese
text documents are prevalent, presenting new challenges in Chinese text classification. As a result, a
pragmatically effective classification algorithm should be chosen.

Terms Definition
In this section, some terminologies in machine learning defined as follows:

» Corpus: A corpus (plural corpora) or text corpus is a large and structured set of texts (nowadays
usually electronically stored and processed). They are used to train and validate models.
Classification: Classification is the problem of identifying to which of a set of categories (sub-
populations) a new observation belongs, on the basis of a training set of data containing
observations (or instances) whose category membership is known.
Classifier: A classifier is a software implementation of a machine-learning algorithm. We use
classifier to classify unlabeled data.
* Training set: A training set is a set of data used to discover potentially predictive relationships.
» Test set: A test set is a set of data used to assess the strength and utility of a predictive
relationship. In this article, we use test set to validate model’s classification quality.
» Categories: Before training a data set, some different categories should be determined. In this
article, we have three categories: confidence, no-confidence, and uncertainty.
* Label: As a verb, label means we assign one or more categories to a piece of document manually
or automatically from the given categories in order to generate training set. As a noun, label is a
representation of a document category in data sets. In this article, we first label some amount of
news with —1 (no-confidence), 0 (uncertainty), and +1 (confidence) as training set, where —1, 0,
and +1 are the news labels, respectively.
Accuracy: The accuracy of a measurement system is the degree of closeness of measurements of
a quantity to that quantity’s true value, which used to measure the quality of the machine-learning
model. In this article, after generating the classifier, we use the classifier to classify labeled test
sets and count the correctly classified documents denoted by #n;. Then, we have
accuracy = (ny/ny), where ny is the count of documents in test set in a validation experiment.
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Generally speaking, if categories of documents distinguish greatly with each other, then we can
obtain higher accuracy. So in this article, we define “uncertainty” as a single category so that we
can obtain reduced-ambiguity training set, which is based on the fact that people is uncertain of a
document and the same to machine.

The Multinomial Naive-Bayes Model

The classic Bayes theorem is one of the most famous theorems in statistics. As we have presented, a
Bayesian classifier gives a conditional probability for every document. The basic formula is as follows:

~plxly) x p(y)
pylx) = T — (1)

where y stands for the category of a document and x is the document as we have mentioned. Now we
consider

x=A{ai,az,...an} 2
C:{yl7y27"'yl1} (3)

as the unspecified document and category set, respectively. That means, we don’t know the category of
the document x, and our task is assign a category to x. Meanwhile, we predefine a category set C, where
a,(t =1,2,...,m) stands for a word in the document x, and y;(i = 1,2, ..., n) represents one category in
set C. Then, we compute all the conditional probabilities for the unspecified item and choose the category
with maximum probability as the final category.

P(yilx) = max{P(y1]x), P(ya[x), ... P(yulx)} 4)

A Dbasic assumption in the Naive Bayes model is that each feature in the features vector is
independent from all others. So, according to the Bayesian theorem,

P(x|yi)P(yi)

Pl == 5

(i=1,2,....n) (5)

We can see that the denominator in the right of the theorem is a constant if the training data is
determined. Thus, we just need to maximize the numerator.

P(x|yi)P(yi) = P(vi) HP a]|y, (6)
j=1

The multinomial model with Laplace’s rule of succession can be presented as follows:

1+ een(an )

p(af|yi) = m
m + Zt:l Zx,-ecn(at’xj)

™)

where n(a;,x;) is the number of occurrences of word a;, in document x;. The probability p(a,[y;) is
always vanishingly small and would be truncated in computation, so rewriting formula (7) by taking
logarithms is the routine, which can prevent losses in precision of the classifier.
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Support Machine Vector

The SVM algorithm considers all the data as the vector space. The purpose of classification is to find the
decision surface that can optimally separate one category from the other. Usually, the SVM is used to solve
two-category pattern recognition problems, and multi-category classification is established on the basic
two-category category model. Let C = {+1, — 1}" be the label for the document d, where +1 stands for
positive category and —1 stands for the negative. When given a training set of labeled documents
(xi,yi),i =1,2,...m, where x; € R" and y; € C, SVM solves the optimization problem as follows:

miniw’w + C 3 ;
i 26 ®)
st yi(wld(x)+5b)>1-¢, §&=>0

To simplify the text classification problem, we rely on the two-category model. The multi-category
classifier can be implemented by training N one-versus-rest classifiers or training N(N —1)/2
one-versus-one classifiers for the N categories case. Here, we assume that the input data point x is
linear separable data, and the decision surface can then be written as

w,x) —=b=0 9)

where b is a constant that needs to be learned from the training set. For an arbitrary document feature
vector x; € R", if (w,x) — b > +1, the document will be assigned as a positive category. Otherwise,
the document will be assigned as negative category. If the input data point x is nonlinear, the function
@ in (1) should be shifted as the kernel function as follows:

K (x;, %) = O(x;) @ (x)) (10)

The input data points are mapped into a higher dimensional space by kernel function. The decision
surface then becomes a hyper-plane that maximizes the distance between two categories. The max-
imum distance indicates the classifier’s strong classification and generalization ability.

Data Description

The construction of RECI is based on real estate news, so we need a variety of different dimensional
data to explore relationships between these variables. The news we apply in the experiments is derived
from the website http://dichan.sina.com.cn/. A crawler program has been built to collect all the news in
the website since July 31, 2014. A crawled news document includes the title, crawl time, release date,
source, and content. Some elements in news document may exert certain influence on the RECI, so
consideration of this influence should be taken.

First, we requested some professionals to label a certain amount of news. The news was assigned as
confidence, no-confidence, or uncertainty. Each piece of news was labeled by five professionals.
Uncertainty may consist of ambiguity and independence. Information from a piece of news is
objective, so we can obtain consensus for this data. If opinions vary, then the label of uncertainty is
attached. After labeling some news, we built a specialized website for more people to label news. This
news was used to evaluate how serious participants were in the labeling process. In the online-labeling
process, a piece of news was labeled by three people. After the labeling process, more news with
different assessments could be collected.

The labeled news is preprocessed as the training set for the classifier, giving us a number of data
with different labels to benefit our research. News could be classified into five classes based on label
number. Moreover, the news could be classified into official and unofficial. These classifications are
embodied in the latter experiments.
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Experiments and Analysis

In this section, all of the experiments were conducted in the same hardware and software environ-
ments. The memory size of the experimental machine is 4.0 GB and the CPU is 2.0 GHz. The program
execution environment is JRE1.7.0 and the development tool is JDK1.7.0.

First, we digitized the news labels by assigning +1, —1, and 0 to replace confidence, no-confidence,
and uncertainty, respectively. The news labeled by five people was chosen as the first training set to
determine the choice of classifiers. In this experiment, the sum of five labels was the final label of a piece of
news (If sum > 0, label = +1; if sum = 0, label = 0; if sum <0, label = —1). Then, after the data cleaning and
data preprocessing, we established two text classifiers through the Naive Bayes model and SVM based on
300 pieces of news. Table 1 illustrates the accuracies of the two classifiers through cross validation.

The table illustrates that SVM is not always effective in the field-specified texts, especially in the
Chinese sentimental text classification. In our experiment, the prediction values always trend to the
category holding the largest quantity in the training set. This tendency implies that the selected
feature vectors are ineffective. In the implementation of SVM, feature vectors are selected by the
TF-IDF algorithm, and this algorithm selects the terms by their frequencies. However, some
important terms that can provide evidence of people’s judgment may have low frequencies.
Therefore, SVM fails to separate one category from another. The next experiments are based on
the Naive Bayes algorithm. Table 1 also shows that the accuracy of the Naive Bayes algorithm is not
high, and work is needed to improve the classifier in the following sections.

The Label Number Choice for a Document

We hope to obtain the same single label for a document so that the classifier can better separate data
points. However, the final single label of a document must truly depict different people’s opinions.
How to balance the objective information acquisition in a document and subjective opinions from
different people is the concern in this section. In the experiment, documents labeled by five people
were chosen as the training set, and five classifiers were implemented for five labels. Then, different
documents with different labels were combined as the new train sets. As a result, we obtain
C},C%,C3,C4,C2 (where C¥ is the k-combination of m in mathematics) classifiers. We also choose
the sum as the final label if one document contains more than one label. We choose accuracy and
variance to demonstrate the separation ability of the classifiers and generalization ability of the
different opinions. Higher accuracy of a classifier indicates better separation ability. Smaller variance
indicates stronger generalization ability.

Table 2 shows that the training set with just one person’s label may provide greater accuracy, but it
is based on just one person’s opinion. Other people may have the opposite views that the classifier
does not embody. A moderately large difference among different classifiers for different people is
evident, and the variance of this situation is the largest. With an increase in label number, variances
decrease gradually, but the means remain unchanged. This finding indicates that the classifier with
more persons’ labels possesses better generalization. To summarize different opinions, the combination

Table 1. The cross validation results of two classifiers.

Accuracy
Classifier number Naive Bayes (%) SVM (%)
1 56.67 33.33
2 56.67 33.33
3 61.13 33.33
4 52.33 33.33
5 50.00 33.33
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Table 2. The accuracies and variances of different classifiers generated by different label
numbers.

Number Accuracy Mean Variance
cl 0.67 0.70 0.53 043 0.56 0.58 0.01197
c? 0.70 0.60 050 047 067 057 043 043 053 057 0.55 0.00869
c: 0.57 060 0.67 060 053 053 053 053 050 060 0.57 0.00265
ct 0.53 0.50 0.57 0.60 0.60 0.56  0.00195
c2 0.57 0.57  0.00000

with more labels is the classifier of choice if data are available. Therefore, documents with more labels
contribute to the construction of RECI.

The Influence of News Sources

We classify the training set into official and unofficial as mentioned in the data description. Intuitions
provide some information that varies from official to unofficial, which has some influence on the
confidence index. To research this problem, we first obtained statistical information concerning news
sources, which is illustrated in the pie chart (Figure 1). Proportions of official versus unofficial news
are demonstrated in the other pie chart.

From the first pie chart, it is apparent that news sources include almost all of China’s important real
estate websites, which represents the real estate industry. This strong representativeness means that
RECI based on real estate news is reliable and credible. Figure 2 shows that official and unofficial
news are almost equally divided. This indicates that official and unofficial voices are embodied in our
data. Next, we used official and unofficial news as training sets to generate two classifiers, respec-
tively. Additionally, we thoroughly investigated the relationship between different training sets and
their classifiers’ accuracy. After a 10-fold cross validation, our results are shown in Table 3.

Table 3 illustrates that official news leads to relatively worse classifier accuracy. This may indicate
that official news contains more ambiguous terms, leading to confusion in our classifier. Meanwhile,
unofficial news contributes to higher accuracy, demonstrating that such news provides more informa-
tion in our classifier. We can improve the predict-ability of our classifier by merging official news and
unofficial news. The construction of the RECI both based on official and unofficial news should be

ess Daily(l "f
Beij '“QaHLDmGSWTChma Ne¥~5(§ ﬁn)

Sina House ess News(4%)

gsiness Today(3%)

Business{2%)
Ese Times(2%)
huanet{2%,

RN ﬁr} %)

other(27%)

Figure 1. News sources.
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ther{49%)
official(51%

Figure 2. The proportion of official new.

Table 3. The accuracies of official and unofficial training sets.

Category Accuracy (%)
Official 48
Unofficial 58

considered because of the objectiveness of this variable. Official news illustrates the government’s
attitude toward the real estate industry to some degree. Taking this fact into account helps to enhance
the validity of the RECI. If different weights are attached to official and unofficial news, the
objectiveness of the RECI is impaired, despite better quality of the classifier. As a consequence, we
set identical weights on the two data.

Other perspectives to improve the quality of the classifier will be considered in the following
sections. Title weight, different clusters of training sets, and different weights for different labeled
training sets will be the concerned variables in the next experiments, respectively.

The Relationship Between Title Weight and Accuracy

News titles are very important and may provide distinctive information about its content. However, the
weight of the title we need in the classifier remains unknown. Therefore, the experiment conducted in
this section explores the relationship between title weight and accuracy of the classifier. Figure 3
shows the experimental results of different title weights.

Classifier accuracy is best when the title weight is between 0.1 and 0.3. If the title is not considered,
accuracy is worse. However, the accuracy gets lower as title weight increases. If we just consider the
title and omit the content, accuracy is the worst. Hence, in our construction of RECI, a weight of 0.2 is
chosen in addition to the following experiments.

The Relationship Between the Different Clusters of Training Sets and Accuracy

As mentioned in the beginning of Section 5.1, we chose the sum of different labels as the final label
for a document. Therefore, if a document was labeled by five people, then final labels are between —11
and 11. The experiments conducted above are based on the principle: if sum > 0, label = +1; if
sum = 0, label = 0; if sum < 0, label = —1. However, in this section, we try different combinations of
the final label as evidence that a document belongs to the “confident cluster,” “no-confidence cluster,”
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or “uncertain cluster.” For example, if sum > 1, label = +1; if =2 < sum < 2, label = 0; if sum < —1,
label = —1. Moreover, this case is represented by [-5,-2], [-1,1], and [2,5]. Based on the preliminaries,
we conducted experiments to examine the relationship between different clusters of training sets and
accuracy. The experimental results are summarized as follows (Table 4 and Figure 4).

Table 4 provides concrete experimental results and Figure 4 depicts the classifier trend under
different clusters of training sets. The table and figure show that the case of [-5,—1], [0], and [1,5] has
the best accuracy when compared with other situations. This result implies that when some other
heterogeneous data are added into the training set of an “uncertain cluster,” the likelihood of confusion
increases in the classifier. This implication leads to a bad classification result.

The Relationship Between Different Clusters’ Weights and Accuracies

In the last section, we simply add all of the documents with different final labels as the final training
set. This was done based on the principle that if sum > 0, the training set is in the confidence category,
if sum = 0, then uncertainty; if sum < 0, then no-confidence. If a document is all labeled +1, 0, —1 by

Table 4. The accuracies of different training sets.

Number Training set by the label sum Accuracy (%)
1 [-5,-1], [0], [1,5] 63
2 [-5,-2], [-1,1], [2,5] 60
3 [-5.-3], [-2,2], [3,5] 55
4 [-5,-4], [-3,3], [4,5] 50
5 [-5], [-4,4], [5] 43
065
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Figure 3. The relationship between title weight and accuracy.
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Figure 4. Cursive description of Table 4.

five people, then the document appears to possess strong objectiveness of confidence, uncertainty, and
no-confidence. Specifically, sum = 11 and sum = 1 are not the same situation and we must address
their differences. The approach of simply adding all the documents to construct the final training set
may not be appropriate.

If we consider the documents with one sum value as a vector subspace when five people label a
news source, the sum value is between —5 and +5 and we will obtain 11 vector subspaces. Now, we
deal with the confidence training set and the no-confidence training set in the same approach. Some
symbols are as follows:

VSi(i =1,2,3,4,95) (11)

5
Z'lf =1(1>4>0), i=1,2,3,4,5 (12)
i=1

where (11) represents the confidence training set vector subspaces whose label sums are 5, 4, 3, 2,
1, respectively. We add the combination factors (12) into the vector subspaces, providing the following
convex combination of training sets:

5
Zx,-vsi (13)
i=1

Our purpose is to determine how the value of 4; influences classifier accuracy. A larger absolute
sum value should result in a larger value of 4;. We conducted our experiments to clearly find out the
actual values of 4;.

The experimental results in Table 5 contradict our early conjecture. The accuracy improvement is
inversely related to the different clusters’ training set weight. Results reveal that all documents with
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Table 5. The crossing validation accuracies of different clusters’ weights.

Different values of (A1,A2,A3,A4,s5) Crossing validation accuracy (%)
(1.0, 0.0, 0.0, 0.0, 0.0) 42
(0.9, 0.1, 0.0, 0.0, 0.0) 47
(0.7, 0.2, 0.1, 0.0, 0.0) 55
(0.4,0.3,0.2,0.1, 0.0) 57
(0.3,0.3,0.2,0.1,0.1) 60
(0.2, 0.2,0.2,0.2,0.2) 63

different label sums need to be considered. Therefore, we divide the training sets into several
categories by the sum values (i.e., we increase the categories of the training sets and keep statistics
on the predict result). If a document is labeled by five people, the sum values are between —5
and +5. Specifically, our training sets are divided into 11 categories, and the predictive values
(pvs) are between —5 and +5. If —1 < pv < +1, then the final predictive result is defined as 0. If
pv > +1, then the final predictive result is defined as +1. If pv < —1, then the final predict result is
defined as —1. This case is represented as [—5,—2], [~1,+1], and [+2,+5] and all cases are
summarized as follows:

Table 6 illustrates that classifier accuracies are not more improved when we divide the training sets
into more parts. However, the accuracy sometimes increases because of the poor distribution of
documents of different training set categories and lack of robustness. For example, when the number
of labeled-0 documents is small, the accuracy may be 90%. However, this percentage may not apply to
practical situations. According to our different processing approaches, accuracies are between 50% and
70%. Results from Table 6 suggest that we may transform the discrete classification model into a
continuous one so that we can obtain a probability for every prediction document. In this way, we can
obtain more detailed information from the classifier. In the next section, this idea will be demonstrated
systematically.

The Weekly RECI

Real estate news factors have been considered in previous research, although raising classifier
accuracy is a difficult procedure. Therefore, continued research is still needed on this topic. A
primary aim of this study was to describe trends in the real estate industry. The classifier just
provides a benchmark for consumer sentiment. Additionally, the index system should be assessed
over time.

Here, we use the classifier to predict the news week by week. Every week, we can obtain the
probabilities of confident and no-confident documents. Based on this probability, we can compile our
index value to depict the probabilities continuously.

Table 6. Statistics on the results with the 11 training sets categories.

Processing approaches

No-confidence Uncertainty Confidence Accuracy (%)
[-5,-1] [0] [+1,+5] 50
[-5,-2] [-1,+1] [+2,+5] 60
[-5,-3] [-2,+2] [+3,+5] 63
[-5,-4] [-3,+3] [+4,+5] 77
[-5] [-4,+4] [+5] 65
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Conclusions

This article proposed the conception of an RECI based on real estate news, and a systematic approach
was taken to address this topic. We applied the machine-learning method to the construction of the
RECI and developed a confidence index based on real estate news. Moreover, we analyzed the
relationship between data and classifier accuracy. Results suggest that, it is difficult to derive some
important sentimental feature terms with the TF-IDF algorithm, despite its efficiency in other text
classifications. Second, a greater number of participants are needed to increase confidence and
objectivity of results about the RECI. Third, news titles provide vital information that urge people
to offer similar viewpoints. Therefore, we gave them a common weight to support our classification.
Another important issue is the relation between different training sets and classifier quality. Enhancing
the accuracy to some degree was found to be beneficial. However, some relationships are complex and
require further research.

The ultimate purpose of our research was to construct an RECI based on real estate news and to issue
the index weekly. We applied the trained classifier to the weekly news so that we could obtain
probabilities of different categories. According to these probabilities, we could construct our RECI by
merging the probability values. The construction of an RECI needs to be adjusted to improve its validity.

Future Work

The construction of an RECI is a systematical task and requires more intensive and deliberate
consideration and adjustment. This article proposes an RECI based on big finance and economic
data. This conception requires more practice validation and technical support. Simultaneously,
classifier quality requires improvement. This improvement is a self-adjusted procedure.
Sentimental text classification is complex because the classifier cannot separate the text correctly,
especially in particular fields. For example, the news is objective to some degree, though people’s
opinions vary over time. Although we have submitted a type of category called uncertainty, the
news is difficult to deal with. Specifically, the classifier faces difficulties finding important feature
terms that supports people’s opinions. However, we know that some artificially specified key
words attach great importance to correctly classifying the text. Therefore, we may manually
choose some feature terms to enhance the classifier. Furthermore, crawling many news comments
from the Internet can assist and amend existing RECI models. This strategy requires long-term
data collection and analysis procedures. We intend to explore more effective algorithms for
performing sentimental text classification. Constructing realm-relevant sentimental feature terms
may also help enhance classifier quality. Although we now have some complete Chinese senti-
mental lexicons, they may not fit real estate field. Therefore, we need to establish real estate
sentimental lexicons.

On the one hand, the RECI is constructed based on the weekly news, and the most important
meaning of the index is generating a time series, and effectively indicating the development tendency
of REM. Now, we have more than 70 index records and further research on the records is one of our
future work. On the other hand, we have attempted to label terms effectively. Future work is still
needed to raise the quality of labeling and make it more professional and systematic. Labeling quality
exerts great influence on classifier accuracy. Therefore, we look forward to generating our realm-
specified label criterion and standard realm-specified open corpus.
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