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Abstract

The prediction of prices of agricultural products in the agriculture IT sector plays a significant role in the 
economic life of consumers and anyone engaged in agricultural business, and as these prices fluctuate more 
often than do other prices, the prediction of these prices holds a great deal of research promise. For this 
reason, academic literature has provided studies on the factors influencing the prices of agricultural products 
and the price index. However, as these factors vary, they are difficult to predict, resulting in the challenge of 
acquiring quantitative data.
China is one example of a country without a reliable prediction system for prices of agricultural products. 
Fortunately, disclosed heterogeneous data can be found on the Internet, which allows for the effective collection 
of factors related to the prediction of these product prices through the use of text mining. The data provided 
online is valuable in that they reflect the opinions of the general public in real-time. Accordingly, this study 
aims to use heterogeneous data from the Internet and suggest a model predicting the prices of agricultural 
products before functional analyses. Toward this end, data analyses were conducted on the Chinese agricultural 
products market, one of the largest markets in the world.
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1. Introduction

Agriculture is considered as a vital industry in the economic life of many Asian countries, as it 
serves as a basis for various sectors, including industry and manufacturing. Accordingly, an 
imbalance between supply and demand caused by unstable agricultural product prices and the 
inaccurate prediction of prices might trigger crises not only for consumers or those engaged in the 
agricultural business but also for the national economy.

For this reason, countries have developed systems to predict the prices of agricultural products. 
Accuracy, however, remains a problem, as these prices are known to fluctuate often. Furthermore, 
data on some factors known to influence the prices of agro-fishery products are difficult to acquire, 
raising even more challenges for prediction. 

Fortunately, heterogeneous data on the Internet can contain factors related to the prediction of 
agricultural product prices. If text mining is used, one could effectively search the Internet for 
heterogeneous data that may contain factors related to the predictions of agricultural product 
prices. A unique advantage of the Internet is that it provides the general opinions of the public on a 
real-time basis. 

Accordingly, the study aims to analyze heterogeneous data on the Internet in order to recognize 
keywords related to agricultural product prices and ultimately suggest a system for the prediction 
of these prices before functional analyses . This study focused on the case of the Chinese farming 

market, one of the world’s largest agricultural markets.

2. Literary Research

2.1 Prediction of the prices of agricultural products

The prices of products depend on supply and demand based on the Equilibrium Price Theory. 
Supply and demand have an impact on macroeconomic factors as well. In the field of 
macroeconomic factors, studies on currency comprise the majority of the research focus. The 
government regulates the economy by controlling market participant behavior through monetary 
policy, which impacts production and consumption activities as well as product prices including 
those of agricultural products. An example of this impact can be found in increased currency 
issuance, which is the main factor in the increase of agricultural product prices (Schuhs, 1974; 
Lapp, 1990). Ma (2008) found that the quantity of currency issuance in China had a positive effect 
on the agricultural product prices. Yang et al. (2011) argued that the quantity of currency issuance 
has a strong long-term effect on the prices of agricultural products while its short-term effect on 
them is weak.
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Changes in the exchange rate have a great impact on the import and export of products. 
Governments thus consider exchange rates against the backdrop of economic globalization to be 
an important aspect of the economy. Increased exchange rates, for example, have a positive effect 
on the prices of agricultural products (Trostle, 2008; Fu et al. 2015). Liu et al. (2009) proposed that 
changing exchange rates have strong short-term effects and weak long-term effects on agricultural 
product prices. 

Production cost is another determinant of product prices. Generally speaking, the higher the 
production cost, the higher the product price. This truth applies to the agricultural sector as well. 
Rising agricultural production costs in China were mostly caused by gradual annual increases in 
agricultural product prices (Fang et al. 2008; Wei et al. 2013). Li (2011) insisted that the 
fundamental cause of the growing agricultural prices in China was production costs, which include 
agricultural production sources, labor force, and land costs. 

On average, increases in overall prices affect various sectors of the economy. Rising prices in 
China are cited as one of various reasons for the gradual annual growth of agricultural product 
prices seen in the country (Chen et al. 2008; Zhao 2015). 

In a globalized economy, the Chinese economy is inseparable from the global economy. The 
prices of agricultural products in the global market clearly influence those of agricultural products 
in China (Luo et al. 2009; Chen et al. 2012). Wang et al. (2012) concluded that agricultural product 
prices in the international market had cointegrated relationships with those in China.

Bioenergy is an economic power that can determine the fate of the economy. The prices of 
bioenergy, particularly those of petroleum, heavily influence economic indices (Li et al. 2008; Wu 
et al. 2012). According to Ren et al. (2015), the prices of international petroleum have a positive 
effect on those of agricultural products in China, generating procrastination effects. However, 
according to their research, the prices of petroleum do not have a direct effect on those of 
agricultural products but rather have an indirect effect on them through various factors. Qiu 
(2012) has insisted that the development of international bioenergy has an impact on agricultural 
product prices in China. 

Speculation also has a significant short-term effect on the prices of increasingly financialized 
agricultural products (Zhang et al. 2010; Han et al. 2012). Factors related to supply and demand – 
such as holidays, meteorological disasters, climate, and season – are considered important factors 
that impact the prices of agricultural products (Liu et al. 2008; Sun et al. 2011). 

As described above, various studies have been conducted on factors influencing the prices of 
agricultural products in the economic, agricultural, and agro-economic sectors. Table 1 summarizes 
the representative factors.

Most of these studies, however, are limited in predicting the prices of agricultural products 
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through the use of one or two factors.

2.2 Prediction of indices through the use of big data

With the development of the Internet, when people make a decision based on certain expectations 
or anxieties, they search words related to their topic of interest. Internet searches have 
consequently created a database reflecting the thoughts of various demographic groups. This 
Internet search data has become the focus of research on macroeconomic indices. 

Ettredge et al. (2005), for example, have conducted studies related to the prediction of 
unemployment rates in the U.S. through the use of search engine data. This study was surprisingly 
more accurate than studies on predictions of standard unemployment rates. Many other studies 
(Askitas and Zimmermann 2009; Kholodilin et al. 2009) have also been conducted to predict 
unemployment rates through the use of search engine data. 

Tetlock (2007) and Fang and Peress (2009) have predicted stocks through the use of Internet 

Influencing Factors Contents of Research Literature
The quantity of 
currency issuance

The quantity of currency issuance has a positive effect on the 
prices of agricultural products.
(Procrastination effect & long-term effect)

Schuhs (1974)
Yang et al. (2011)
Li et al. (2013)

Exchange rate Rising exchange rates have a positive effect on the prices of 
agricultural products. 

Trostle (2008)
Fu et al. (2015)

International crude 
oil prices

International crude oil prices have a positive correlation with the 
prices of agricultural products. 
(Procrastination effect & indirect effect)

Li et al. (2008)
Wu et al. (2012)
Ren et al. (2015)

International 
agricultural product 
prices

International agricultural products prices have a cointegrated 
relationship with the prices of agricultural products in China.

Luo et al. (2009)
Chen et al. (2012)
Wang et al. (2012)

Agricultural 
production cost

Rising agricultural production costs are one of the causes of the 
gradual annual increases in the prices of agricultural products in 
China. (Procrastination effect)

Fang et al. (2008)
Ma (2008)
Wei et al. (2013)

Prices Rising prices in China are one of the causes of the gradual annual 
increases in the prices of agricultural products in China.

Chen et al. (2008)
Li (2011)
Zhao (2015)

Speculation Speculation affects the increasingly financialized prices of 
agricultural products (more short-term effects).

Zhang et al. (2010)
Qian et al. (2011)
Han et al. (2012)

Supply and demand Factors related to supply and demand – such as holidays, 
meteorological disasters, climate, and season – are considered 
important factors that influence the prices of agricultural 
products. 

Liu et al. (2008)
Qian et al. (2011)
Sun et al. (2011)
Zhao et al. (2015)

Table 1  Existing Studies on Factors Influencing the Prices of Agricultural Products



Applying Keyword Analysis to Predicting Agriculture Product Price Index

Asia-Pacitic Journal of Business Review 5

search data by connecting the stock market to the Internet. Bank et al. (2011) have conducted 
studies on the prediction of asset liquidity and stocks through the use of search word data.

Goel et al. (2010) have conducted studies on the predicted sales of games and music through the 
use of related search word data. Search word data was discovered to be related to actual sales and to 
have a short-term prediction effect. Rivera (2015) has conducted a study on predictions of the 
Consumer Confidence Index based on Google’s trending time-series data. The result of the study 
was more accurate than a standard sample-survey-based study in terms of prediction functions. In 
addition, Vosen and Schmidt (2011) have conducted a similar study on consumer behavior 
through the use of search word data. 

Carrière-Swallow and Labbé (2013) have conducted a study on predictions of auto sales based 
on search data, which was more accurate than a standard prediction study. Wu and Brynjolfsson 
(2013) have conducted a study on predictions of selling prices and sales of houses in a similar way.

In addition, researchers (McLaren 2011; Guzman 2011; Vosen and Schmidt 2012; Zhu et al. 
2012; Chen and Chen 2010; Qu et al. 2013) have conducted many studies on predictions of various 
economic indices including inflation, individual consumption, economic cycle, and CPI. 

As described above, various studies have been conducted to predict specific indices in the big 
data research sector, and as seen in the Table 2, quantitative and standardized indices are used in 
most cases. In some of these studies, data were revised and retrieved on an almost real-time basis, 
but in many cases, as they were revised on a monthly basis or at longer intervals, they were not 
appropriate for an online system aimed at responding to the prices of agricultural products based 
on predictions on a real-time basis. 

Furthermore, a few studies have been conducted on predictions of the prices of agricultural 
products through the use of big data. If big data, particularly unstructured data, is used, it would be 

Prediction Index Literary Review
Stocks Tetlock (2007); Fang and Peress (2009); Alper et al. (2008); Bank et al. (2011); Da et 

al. (2011); Oh and Sheng (2011); Vlastakis and Markellos (2012) 
Unemployment rate Ettredge et al. (2005); Askitas and Zimmermann (2009); Kholodilin et al. (2009); 

Choi and Varian (2009); Chen and Chen (2010)
Consumption behavior Goel et al. (2010); Vosen and Schmidt (2011); Vosen and Schmidt (2012); Rivera 

(2015)
Prices and sales of 
automobiles and houses 

Choi and Varian (2009); Wu and Brynjolfsson (2013); Carrière-Swallow and Labbé 
(2013) 

Inflation Guzman (2011); Groen et al. (2013); Qu et al. (2013)
Other economic indices Choi and Varian (2009); Chen and Chen (2010); Zhang et al. (2012)

Table 2  Studies on Factors Influencing the Prices of Agricultural Products 
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possible to resolve some challenges in which some factors are difficult to secure quantitatively with 
regard to existing studies on predictions of agricultural product prices.

3. Models and Methodologies

3.1 Research model

As for an agricultural product price index prediction model, the following variables were taken 
into account. A dependent variable is an agricultural product price index to be predicted. And the 
Full Model is seen in (1).

     ··········································· (1)

  refers to a structured variable,   refers to a directly related unstructured variable, and   refers 
to an indirectly related unstructured variable.

The Base Model, a traditional model composed of only the variables generated from literary 
reviews is seen in (2).

   ······················································· (2)

As a model competing against (2), the Selected Model composed of X, D, and I are related to an 
agricultural product price index as seen in (3). 

Distinction Name of Variable 
Dependent Variable (Y) Next Agricultural Product Price Index (Yt+1)
Structured Variable (X) Quantity of Currency Supply (Mt)

Exchange Rate (ERATEt)
CPI (CPIt)
CPI_Product (CPI_FOODt)
Brent Oil Price Index (OILt)
International Agricultural Product Price Index (APRICEt)
International Food Price Index (FPRICEt)
International Energy Price Index (ENGt)

Directly-Related Unstructured 
Variable (D)

Frequency of associated words directly related to structured variables in   
specific corpora within a certain period of time  

Indirectly-Related Unstructured 
Variable (I)

Frequency of associated words indirectly related to structured variables   
in specific corpora within a certain period of time

Table 3  Variables Used in Research Model



Applying Keyword Analysis to Predicting Agriculture Product Price Index

Asia-Pacitic Journal of Business Review 7

     ·········································· (3)

⊂⊂⊂

Table 3 sums up variables appearing in Formulae (1) to (3).

3.2 Overall process

The method suggested in this study is related to the agricultural product price index, and proxy 
variables that can replace reported ones (structured variables) are determined to recognize 
keywords related to the value of the variables, analyze the frequency of keywords on the Internet, 
and include the value of variables in a prediction model. In addition, proxy variables consist of 
variables (directly related unstructured variables) directly related to those in literature and 
indirectly related variables (indirectly related unstructured variables).

Stage 1: The Chinese agricultural product price index is secured from the Chinese agricultural 
product price search website.

Stage 2: Factors (structured variable group) influencing the prices of agricultural products are 
recognized through literary review.

Stage 3: Independent variable-related data sets generated from literary review and related to 
agricultural product price index are secured. 

Stage 4: The number of times that searches are conducted by keyword (unstructured variable) 
and period (Use of search engine http://index.baidu.com/) is calculated. 

Stage 5: Diverse models are established to predict the agricultural product price index, mainly 
in order to create diversified reduced models from the full model in (1). 

Stage 6: Diverse combinations by mode (full model and reduced model) x by differentiation 
algorithm (multiple regression, decision tree, SVM and etc.) are created. 

Stage 7: An optimized model through functional comparison (overall accuracy, F-score, AUC 
and etc.) is selected by combination.

4. Test and Results

4.1 Collection of dependent variables and structured variable data 

For the agricultural product price index, monthly data were secured through visits to Chinese 
agricultural product websites. Figure 1 shows the agricultural product price index collected from 
January 2011 to February 2016.
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In addition, independent variable datasets generated from literary review were acquired from 
institutions indicated in Table 4.

Figure 1  Time-Series Data on Agricultural Product Price Index

Variable Source Link
Quantity of currency supply National   Bureau of 

Statistics of China
http://data.stats.gov.cn/easyquery.htm?cn=A01 

Exchange rate Federal Reserve 
Economic Data

https://research.stlouisfed.org/fred2/

CPI National Bureau of 
Statistics of China

http://data.stats.gov.cn/easyquery.htm?cn=A01

CPI Food National Bureau of 
Statistics of China

http://data.stats.gov.cn/easyquery.htm?cn=A01

International crude oil price 
(The most globalized Brent 
crude oil price   index)

Baidu Library http://wenku.baidu.com/?fr=crumbs

International agricultural 
product price 

National Bureau of 
Statistics of China

http://data.stats.gov.cn/ks.htm?cn=A01&zb=A1201

International food price Food and Agriculture 
Organization of the 
United   Nations

http://www.fao.org/worldfoodsituation/foodpricesind
ex/zh/

International energy price National Bureau of 
Statistics of China

http://data.stats.gov.cn/ks.htm?cn=A01&zb=A1201

Table 4  Structured Variable Data Source
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4.2 Collection of unstructured variable data

4.2.1 Establishment of related keyword base
As the quality of unstructured related variable data depends on related keywords, the 
establishment of a related keyword base is important. Regarding studies on standard predictions of 
indices based on big data, related keywords can be selected in three ways. First, highly associated 
words can be selected if they are, according to subjective judgment, directly related to the theme. 
Many researchers conducting studies related to the unemployment rate have selected words such as 
“jobs,” “job search,” and “unemployment rate” (Ettredge et al. 2005; Askitas and Zimmermann 
2009). As for the stock market, many researchers have selected stock codes such as “KO”, “APPL” 
and “GOOG” (Da et al. 2011; Vlastakis and Markellos 2012). Second, a theme-associated search 
word extraction service provided by search engines can be used (Kholodilin et al. 2009; Choi and 
Varian 2012). This service recognizes theme-related words from the news (Birchler and Büutler 
2007; Park et al. 2010; Qu et al. 2013).

As described in the second method, the study selected directly associated unstructured variable 
keywords by calculating factors influencing the prices of agricultural products and relevant 
keywords through a service aimed to recognize associated keywords provided by search engines. In 
addition, as described in the third method, the study extracted the prices of agricultural products 
and indirectly related unstructured variable keywords from news associated with the prices of 
agricultural products.

Figure 2  Actual Screen of Baidu Word Association Analysis Service
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4.2.2 Selection of directly associated unstructured variables 
Additionally, the study collected words strongly associated with factors influencing the prices of 
agricultural products recognized in literary review. For this collection, the Baidu search engine was 
used. Figure 2 shows a word association analysis service provided by Baidu. The closer to the center 
of the circle, the more associated it was.

Through this method, a total of 15 words highly associated with the quantity of currency supply, 
exchange rates, and CPI were selected as directly related unstructured variables as seen in the 
Table 5.

4.2.3 Selection of indirectly associated unstructured variables
In order to select indirectly related unstructured variables, corpora were established. In order to 
identify the sources of the corpora, Chinese news websites were searched between April 2011 and 
April 2016, and the subject of the search was Phoenix News (http://www.ifeng.com/), a famous 
news website in China. As a result, a total of 506 pieces of news were collected. Figure 3 shows 
search summaries by year.

The search was followed by a pre-treatment process. First, a total of 506 pieces of collected news 
were cut into words, which was necessary, as, unlike Korean or English, there is no word spacing 
between Chinese characters. For this process, the worker function in the jiebaR library in package 
R was applied, resulting in 506 pieces of news cut into 223,654 words. These words, however, 
contained many general terms (for instance, numbers and prepositions) unrelated to agricultural 
product prices. To address this, Stopwords Dictionary was used in the Java Program. For the 
Stopwords Dictionary, the Baidu dictionary, containing a total of 1,615 Stopwords and the Harbin 

Structured Variable (X) Directly Associated Unstructured Variable (D)
The Quantity of Currency Supply Frequency of “Renminbi” (RMB1t) and “Dollar”   (RMB2t)

Frequency of “Renminbi-Dollar Exchange Rate” (RMB3t),   
“Exchange Rate” (RMB4t) and “Renminbi Exchange Rate” 
(RMB5t)

CPI Frequency of “CPI” (CPI1t), “Price Index” (CPI2t)   and 
“Price Increase Index” (CPI3t)

Brent Oil Price Index Frequency of “International Oil Price” (OIL1t), “Crude   Oil” 
(OIL2t) and “Crude Oil Price” (OIL3t)

International Agricultural Product Price Index Frequency of “Agricultural Products” (AP1t), “Agricultural   
Product Price” (AP2t) and “Vegetable Wholesale Price” 
(AP3t)

Table 5  Associated Keywords by Variable Recognized in the Course of Use of Baidu Word Association 
Analysis Service 
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Institute of Technology dictionary were used. After this process, a total of 159,942 words remained. 
Figure 4 shows the pre-treatment process of unstructured data.

In order to select the frequency of searches of some candidate keywords acquired in the 
pre-treatment process as independent factors influencing the agricultural product price index, 
keywords related to agricultural product prices were chosen from Baidu, China’s most 
representative search website, before the treatment of data and the calculation of frequency of the 
following words. 174 candidate keywords with a frequency over 100 were withheld. The ratio of 

Figure 3 The Number of Pieces of News Searched with Search Words 
Related to Agricultural Product Prices

Figure 4  Pre-Treatment of Collected News Data
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association between specific keywords and the agricultural product price index was then selected 
through the following formula.

The ratio of association = (Result of search for “Agricultural Product Price Index” AND Specific 

Frequency Words
The Number of 

Results of 
Research (C1)

The Number of Results of 
Search for +Agricultural 

Product Price (C2)

The Ratio of Association 
C2/(C1+C3)

114 现代农业 71200000 12800000 0.162746345
194 价格下降 20000000 3840000 0.13989071
119 农副产品 63100000 8160000 0.115662651
216 合作社 71100000 7530000 0.095862508
116 无公害 35400000 3790000 0.088448075
338 种植 100000000 9090000 0.084597487
111 养殖 87900000 7800000 0.08180388

Omitted in the middle
142 生猪 33300000 2820000 0.069202454
179 粮食 100000000 7360000 0.068496975
357 流通 97900000 6950000 0.065970574
168 农药 80400000 5570000 0.063403529
251 电子商务 100000000 6700000 0.062354584

Omitted below

Table 6  An Example of Result of Calculation of the Ratio of Association of Candidate Keywords 

Figure 5  Distribution of the Ratios of Association of Candidate Keywords 



Applying Keyword Analysis to Predicting Agriculture Product Price Index

Asia-Pacitic Journal of Business Review 13

Keywords) / (Result of search for “Agricultural Product Price Index” + Specific Keywords)
Table 6 and Figure 5 show the result of calculation of the ratio of association. Of 174 words, those 

belonging to the upper 20% in terms of the ratio of association were perceived as indirectly related 
unstructured variables.

Words strongly associated with agricultural product prices can be selected through the use of 
remaining words. A total of 36 words were collected, as seen in the following table.

4.2.4 Collection of data on frequency of searches by keyword
Lastly, data on the frequency of searches for perceived unstructured variables were collected. In 
standard studies, many researchers collected data on the frequency of keyword searches through 
the use of Google trends (Goel et al. 2010; Choi and Varian 2012). In various studies related to the 
Chinese market, many researchers used Google’s trend service (Zhang et al. 2012; Li 2015). Google 
initiated its trend service in China in January 2004. However, since 2010, Google has experienced a 
gradual reduction in the Internet search market share in China for various reasons. In 2015, 
Google held only 4 to 5% of the Chinese search engine market, which can be confirmed by the 
frequency of search words. Figure 6 shows the frequency of the search word “Agricultural Product” 

Modern   Agriculture (现代农业), Agricultural   By-Products (农副产品), Chemical-Free (无公害), 
Cultivation（种植）, Farming (养殖), Farmers (农民), Creation (建成), Agriculture (农业), Acceleration 
(加速), Pig（生猪）, Foodstuffs (粮食), Distribution (流通), Agricultural Pesticides (农药), e-Commerce 
(电子商务), Pursuit (推进), Growth（增长）, Farming Area (农村), Emphasis (重点), Wholesale 
Market（批发市场）, Increase (增加), Output (产量), System（体系）, Policy (政策), Base（基地）, 
Manufacture (打造), Vegetable   (蔬菜), Products（产品）, Organic (有机), Local (地方), Market（市场）, 
Introduction (介绍), Green Products (绿色产品)

Table 7  Indirectly Related Unstructured Variables of Agricultural Product Prices Perceived in Online 
News 

Figure 6  An Example of Frequency of Search Words in Google Trend
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in Google trends.
As indicated in Figure 6, the frequency of this search word “Agricultural Product” has been 

declining since 2005. What is more is that since 2013, the frequency of searches from Google trends 
does not exist at all, and the frequency of many search words cannot be confirmed in Google 
trends.

More popular than Google is Baidu, China’s most representative search engine, which accounts 
for 80% of the Chinese search engine market as of 2015 (688 million Internet users in China in 
2015). Baidu initiated support for its trend service as Google did with its own in January 2011, and 
it also allows users to check the frequency of more search words than does Google. Figure 7 shows 
the frequency of the search word “Agricultural Product” in Baidu trends.

Baidu, a Chinese search engine, was used instead of Google, which was used more often in 
standard research. The monthly data on a total of 47 associated keywords were collected during the 
period from January 2011 to February 2016 through Baidu trends with regard to the prices of 
agricultural products.

4.5 Feature Selection

Once the data was collected, the features were selected. As the remaining variables except for 
structured variables were developed for the purpose of exploration, it was necessary to check to see 
if they would be worthwhile as independent variables. The following four methods were applied for 
the purpose of feature selection. 

First, variance values of independent variables that were 0 or similar to 0 were removed. A 
near-zero variance test allows us to discover independent variables with constant values regardless 
of changes in dependent variables, as it was created based on the fact that it is difficult for 
independent variables to establish a causal relationship with dependent variables (Gelman, 2005). 
Toward this end, the nearZeroVar function in the Caret Library in package R was applied. When 
the test was applied, variance values of all independent variables were significantly greater than 0, 

Figure 7  An Example of Frequency of a Search Word in Baidu Trend
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and nothing was removed. 
Second, independent variables with strong subordinate relationships among themselves were 

eliminated. The findCorrelation function in the FSelector Library in package R was used. As a 
result, X1_RMB_M2, X5_OIL, X6_IAP, X7_IFP, X8_IEP, RMB_2, RMB_3, OIL_1, Word_23, and 
Word_26 were confirmed to be subordinate to one another, and X1_RMB_M2 was excluded before 
elimination.

Base Model Selected Model Reduced Model Full Model
(Constant) 142.354 -34.005 52.342** 63.730
X1_RMB_M2 -2.464E-05** 2.874E-6 2.525E-07
X2_RMB_USD -18.997 9.690 -1.835
X3_CPI .411 -.099 -.159
X4_CPI_FOOD .739*** 1.144*** .946*** 1.047***
X5_OIL -.464 .280
X6_IAP .252 -.134
X7_IFP -.103 .141
X8_IEP .499 -.369
RMB_6 -6.898E-06 -1.215E-05
CPI_2 -.120*** -.133*** -.143***
AP_2 -.003 -.007
AP_3 -.052*** -.025** -.047**
Word_7 .098** .102**
Word_8 .010*** .006*** .011**
Word_16 -.007 -.003
Word_18 -.026 -.011
Word_20 .078** .008 .065
Word_24 -.007 -.007
Word_25 -.036 .007
Word_27 -.001** -.002** -.002**
Word_28 -.021 -.016
Word_29 .035*** .020* .032**
Word_30 -.008 -.012
Word_31 -.030*** -.026*** -.031**
Word_32 -.034 -.017
F-Value 13.350*** 17.217*** 33.342*** 13.851***
Adjusted R Square .618 .848 .822 .840

Table 8  Result of Multiple Regression Analysis
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Lastly, the chi-square value of each independent variable was acquired with regard to dependent 
variables for the purpose of analyses on independent variables with weak relationships. Toward 
this end, the chi.squared function in FSelector Library in package R was used. At that time, 
RMB_1, RMB_4, RMB_5, CPI_2, CPI_3, OIL_2, OIL_3, AP_1, Word_1, Word_2, Word_3, 
Word_4, Word_5, Word_6, Word_9, Word_10, Word_12, Word_13, Word_14, Word_17, 
Word_19, Word_21, and Word_22 were eliminated. 

As a result, a total of 22 variables including 4 structured variables such as X1_RMB_M2, 
X2_RMB_USD, X3_CPI and X4_CPI_FOOD and 18 unstructured variables such as RMB_6, 
CPI_1, AP_2, AP_3, Word_7, Word_8, Word_15, Word_16, Word_18, Word_20, Word_24, 
Word_25, Word_27, Word_28, Word_29, Word_30, Word_31 and Word_32 remained.

4.6 Results

Table 8 displays the results of multiple regression analyses on the agricultural product price index, 

Res.Df RSS Df SSR F
Selected Model- 
Base Model

40
53

465.99
1551.45 -13 -823.03 7.1673***

Selected Model- 
Reduced Model

40
54

465.99
728.42 -14 -262.43 1.609

Selected Model- 
Full Model

40
36

465.99
440.56 4 25.427 0.5294

Reduced Model- 
Full  Model

54
36

728.42
440.56 18 287.85 1.3068

Table 9  Results of ANOVA for Functional Comparison of Competition Models 

Figure 8  Comparison between Results of Time-Series Estimation and Y by Competition 
Model  
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a dependent variable, and previously selected independent variables.
Figure 8 presents a comparison between the results of estimations of Base and Reduced Models 

composed of structured variables and an actual Y. Reduced and Selected Models seemed to predict 
more effectively than the Base Model.

Statistical verification was conducted through the use of ANOVA in order to reinforce subjective 
judgment based on visualized data. Table 9 compares explanatory power among three models to 
which ANOVA was applied. The Reduced Model has significantly more explanatory power than 
the Base Model, and there were no significant statistical differences in the Selected Full Models. 
The Reduced Model included only a part of the independent variable groups of the Selected and 
Full Models, and the Reduced Model was more economical than the Selected and Full Models. It 
can be concluded that the Reduced Model is more effective. In addition, as it is higher than the 
Base Model, a model containing variables extracted from unstructured data can be seen as superior 
to a structured data value model based on variables suggested in existing literature.

In conclusion, the results of analyses indicate that if both structured and unstructured variables 
are added to the prediction of the agricultural product price index, more effective prediction 
models can be developed. 

5. Discussion and Conclusion

5.1 Discussions on statistically significant relevant words 

Table 10 contains a list of words included in the Reduced Model. Among them, two words are 
directly related to unstructured words, and five words are indirectly related to structured words. 
“Price Index,” a directly related unstructured word, is based on the same concept as CPI, a variable 
confirmed in standard literary review, and the study concluded that the CPI of foods, a structured 
variable, has an effect on the prices of agricultural products. In this regard, it can be concluded that 

Reduced Model Words
CPI_2 -.133***  Price   Index
AP_3 -.025** Vegetable   Wholesale Price
Word_8 .006*** Agriculture
Word_20 .008 Increase
Word_27 -.002** Products
Word_29 .020* Local
Word_31 -.026*** Introduction

Table 10  A List of Words Containing Reduced Model 
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the frequency of searches related to the word “Price Index” has a negative effect on the prices of 
agricultural products. Meanwhile, “Vegetable Wholesale Price,” another directly related 
unstructured word, reflects the degree of interest of wholesalers in the prices of vegetables. The 
more interested in the wholesale prices of vegetables wholesalers become, the lower the 
agricultural product price index. The indirectly related unstructured word “Agriculture” is related 
to the prices of agricultural products based on the subjective judgment of the general public. The 
more searches on the word “Agriculture,” the higher prices of agricultural products. The indirectly 
related unstructured word “Increase” is greatly correlated with not only the agricultural products 
but also other products, but as the word “Increase” is usually related to prices, it is assumed that it 
can indirectly influence the prices of agricultural products. The indirectly related unstructured 
word “Product” indicates no great direct correlation with the prices of agricultural products, but 
many people searching products use such search words as “bank products,” “company products,” 
“managed products” and “product cost.” These words are closely related to the macro-economy. 
The indirectly related unstructured word “Local” frequently appeared together with politics-related 
words through Baidu’s trend service. The indirectly related unstructured word “Introduction” 
frequently appeared together with entertainment-related words. Although some statistically 
significant words indicate no clear relationships with the prices of agricultural products, most 
words are confirmed to be directly or indirectly related to the prices of agricultural products.

5.2 Academic significance

These results suggest a new method of predicting the prices of agricultural products. Researchers 
have generally conducted studies on the prediction of the prices of agricultural products through 
structured data related to variables influencing the prices of agricultural products (Trostle 2008; 
Zhang et al. 2010; Li et al. 2013). This study, however, added new unstructured data based on 
standard research in an attempt to predict the prices of agricultural products. It was confirmed that 
the method of prediction suggested in the study was more effective compared to standard research 
methods. The method of research used in this study can be applied to other research sectors as well.

5.3 Practical significance

In standard research, studies have been conducted on the prediction of agricultural product prices 
with structured data on variables that influence these prices. This study also used unstructured 
variables to reach the conclusion that they are superior to the structured variables used in standard 
research. If a system to predict the actual prices of agricultural products through the use of a 
research model suggested by this study is later developed, this research could help realize a 
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prediction system with higher accuracy than that achieved by the standard agricultural product 
price prediction system. It would help the government design policies that would develop the 
national economy. The results also hold significance in that they guarantee stability to consumers 
and those engaged in the agricultural sector.

5.4 Limitations of the study

First, as indicated in Table 11, the data used in this study are mostly monthly data, which makes 
impossible the detailed prediction of the agricultural product price index for short periods of time. 
For this reason, the prediction model suggested in the study is less valuable in terms of prediction 
practicality.  

Second, of the keywords extracted in the study, some described above did not have clear 
relationships with the prices of agricultural products. It is necessary to improve a method of 
selecting key words associated with the prices of agricultural products. 

Third, generally speaking, the effects of Internet search words on the actual index have time-leg 
effects. Since this study adopts a simplified multiple regression analysis, it does not show any great 
prediction capability important in prediction studies. In this regard, upcoming research needs to 
develop prediction models that take into consideration the time-leg effects.

5.5 Conclusion

This study aimed to suggest models that can predict the prices of agricultural products more 
effectiely through the use of Internet data. It drew up a concept map on relationships between 
Internet data and the actual prices of agricultural products based on economic theories. It 
extracted variables related to the prices of agricultural products through research on the prediction 

Distinction Updating   Cycle
Quantity of RMB Supply Monthly
RMB Exchange Rate (TO USD) Real Time
CPI Monthly
CPI (Food) Monthly
Brent Oil Price Index Real Time
International Agricultural Product Price Index Monthly
International Food Price Index Monthly
International Energy Price Index Monthly
Search Word Data Daily

Table 11  Cycle of Updating Variable Data 
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of standard agricultural product prices. Key words related to agricultural product prices were 
perceived based on perceived variables, and unstructured data of the perceived key words were 
collected. Collected unstructured data were used to suggest a model aimed to predict the prices of 
agricultural products centering on the Chinese agricultural products market. The results of 
analyses on related data were verified to be statistically significant. It was confirmed that the 
method of prediction suggested in this study was more effective than that used in standard 
research, a suggestion that holds academic and practical significance.

Received 17 June 2016; Accepted 30 June 2016
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