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In recent years, the imbalance of rural information supply and demand has seriously hindered the process of rural informatization.
Rural information demand is a decisive factor in the relationship between rural information supply and demand. Therefore,
research on the influencing factors of rural information demand has attracted much attention. The traditional rural information
demand factor analysis does not consider the correlation between factors. The factors themselves carry a lot of repeated
information, which seriously interferes with the objectivity of the analysis results. Proceeding from the complexity and diversity
of influencing factors of rural information demand, based on the selected subjective and objective factors, based on the forward
partial correlation analysis and post-ROC test, a probit discriminant model of influencing factors of rural information demand
was constructed, and the relationship with Lingshou was determined. There are 24 factors that are significantly related to county
rural information needs. The research results show that this method not only eliminates the factors that carry highly repetitive
information and the correlation is not significant but also makes the results more reliable. At the same time, it also found that
rural information supply is related to farmers’ information cognition ability, acceptance awareness, and acceptance ability. This
study provides new methods and new ideas for solving related problems.

1. Introduction

With the rapid development of science and technology and
the advent of the big data era, the construction of smart cities
at home and abroad has made remarkable achievements. At
the same time, rural informatization also ushered in new
opportunities for development. Digital rural areas and intel-
ligent rural areas have become the hot spots of scholars. Of
course, there are great challenges as well as opportunities.
Due to the unbalanced development of regional economy,
there are many problems in rural informatization. First, the
collection, processing, integration, and sharing of rural infor-
mation are difficult. Second, data mining cannot be carried
out effectively and does not provide the information farmers
need. Third, there is a contradiction between the diversity of
farmers’ information needs and the unity of platform infor-
mation. Fourth, lack of dynamic maintenance and update
mechanism, data outdated, cannot play its due role. This
requires big data technology and big data thinking to

improve and solve the current difficulties. The application
of big data in various industries has achieved good results.
The idea of big data has gradually penetrated into the process
of rural informatization. With the help of big data technol-
ogy, we can build a comprehensive rural information plat-
form based on farmers’ information needs.

Whether in developed countries such as Europe and the
United States, or in developing countries such as Asia and
Africa, there are many studies on the information needs of
rural residents. Scholars’ research shows that farmers’
demand for information is more and more extensive, and
the types of demand and access channels show a variety of
characteristics [1]. Kaniki’s survey of two rural communities
in South Africa found that the main information needs of
farmers are information needed to seek jobs or increase
income, vocational or skills training opportunities, informa-
tion about grants, medical and health information, legal
counseling services, and so on [2]. In Asia, Raju’s study found
that the most common information needs of Indian farmers

Hindawi
Wireless Communications and Mobile Computing
Volume 2020, Article ID 8861207, 14 pages
https://doi.org/10.1155/2020/8861207

https://orcid.org/0000-0002-3507-5403
https://orcid.org/0000-0002-0865-6026
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/8861207


were medical and health information, infrastructure infor-
mation, crop improvement and yield information, product
sales and market information, policy, and service informa-
tion [3]. Vevrek thinks the daily information needs of the
rural population in the United States are information about
local government decisions, information about health ser-
vices, and local news [4–6]. Domestic researchers have found
that farmers pay more attention to specialized information
related to agricultural production and operation. Zhang Ying
(2017) based on the rural information service platform, from
the perspective of farmers, found that farmers’ demand for
labor market information, agricultural market information,
agricultural policy information, and agricultural production
information decreased in turn. Li Lu (2016) surveyed the
demand for agricultural technology social services and found
that farmers’ age, education level, and whether they went out
to work would affect farmers’ demand for agricultural tech-
nology social services. Young and experienced peasants paid
more attention to information services related to the circula-
tion of agricultural products. Zhou Fengtao (2016) studied
the farmers’ demand for information services and found that
educational level and whether to participate in rural cooper-
atives had a significant impact on their demand for technical
services, agricultural services, and information services. Lu
Xinru and Li Zhigang (2017) explored the unique informa-
tion needs and behaviors of farmers through questionnaires.
Farmers’ information demand had three characteristics: the
tendency of market purchase and sale information, the
necessity of policies and regulations, and the particularity of
meteorological forecast. Information behavior was restricted
by educational level and the overall channel was narrow. Ma
Chunyan (2016) carried out an investigation and research on
poverty-stricken areas. From the questionnaire, through the
analysis of demand types, information access channels, per-
sonal literacy, and other aspects, it provided suggestions
and countermeasures for speeding up the development of
local agriculture and reversing the backward development
situation in remote areas. Pan Yuchen and Huo Yucan
(2018) analyzed the concept of rural information consump-
tion, the level of demand, and the motivation of consump-
tion, especially in the field of emotional demand, which was
also a further reflection of the demand level theory. Provided
guidance for the development of the whole society and
related enterprises helped enterprises to improve the perti-
nence of information services and achieve steady growth.
Wang Xiaoning andWang Ming (2018) empirically analyzed
the main channels for farmers to obtain information under
the background of mobile Internet by issuing questionnaires.
Through the analysis, it was concluded that mobile micro-
messaging, mobile QQ, and mobile microblogging are the
absolute dominant advantages in information dissemination,
while agricultural information website platform was not gen-
erally known to farmers. Guan Lili (2017) analyzed the infor-
mation needs and constraints of farmers through
questionnaires, especially the five characteristics of local
farmers: the increasing variety of demand categories, the
diversification of access methods, the depth of demand levels,
the strong internal motivation of demand, and the strong
ability of information research and judgment. It provided

experience in understanding the level of rural informatiza-
tion and promoting the construction of information frame-
works. Cui Kai and Feng Xian (2017) combed and analyzed
the relevant literature at home and abroad, and studied the
significance of information dissemination, the information
needs of rural residents, and the information supply in rural
areas. From the perspective of information poverty allevia-
tion, Li Gang and Qiao Haicheng (2017) proposed that the
government should pay attention to information poverty
alleviation through the construction of rural poverty-stricken
area model and analysis of relevant data.

In summary, it has been found from the existing research
that the information needs of farmers in China are increas-
ingly strong and the demand structure is increasingly diversi-
fied, but the specialized information related to agricultural
production development is still the most important compo-
nent of farmers’ information consumption. Affected by
income levels and cultural quality, mass media such as televi-
sion and broadcasting are still the main channels of informa-
tion dissemination, but the proportion of computers and
mobile phones is increasing, especially in economically
developed areas [10–13]. Researchers summarized and ana-
lyzed the influencing factors of farmers’ information demand
from various angles, but the correlation analysis between the
influencing factors is relatively small, and the statistics and
descriptions of the factors are not comprehensive enough
[14–16]. At the same time, the significant impact of various
factors on rural information demand is insufficient. Aiming
at the above problems, the concept model of farmer informa-
tion demand of “source-flow-use” was put forward. Based on
the discrete selection model of econometrics, the probit
model of rural information demand was constructed. Firstly,
the partial correlation analysis of the influencing factors of
rural information demand was carried out, and the high
coincidence factor was removed. The probit model was used
for the second test. Finally, the ROC curve was used for dis-
crimination. Eight factors with no significant influence, such
as the proportion of fixed-line administrative villages, were
removed. At the same time, 24 significant influencing factors
were ranked according to the degree of influence. The results
prove the feasibility of the method.

2. Model Building

2.1. Evaluation of Influencing Factors Based on Partial
Correlation Analysis. In a system consisting of multiple ele-
ments, when studying the influence or correlation of one ele-
ment on another, the influence of other elements is regarded
as a constant, i.e., the close relationship between the two ele-
ments is studied separately without considering the influence
of other elements, which is called partial correlation analysis
[17, 18]. That is the partial correlation coefficient. In the
study of rural information demand, there are many factors
involved. There may be some correlations between the fac-
tors, which leads to the duplication of information reflected
by two or more factors, which leads to the system being too
complicated because there are unrelated factors [19].
Through partial correlation analysis, factors with repeated
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information that affect rural information needs can be
removed.

(1) Calculation of partial correlation coefficient.

Suppose tij is the data value of the i index of the selected
village j in the region, tkj is the data value of the k index of the
selected village j in the region, and rik is the partial correla-
tion coefficient between the k index and the first index. The
formula is as follows:

rik =
∑n

1 xij − xi
� �

xkj − xk
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

1 xij − xi
� �2q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑n
1 xkj − xk
� �2q : ð1Þ

Among them, n denotes the number of villages in the
study area, xi denotes the average value of the i factor, and
xk denotes the average value of the k factor.

Suppose R is a correlation coefficient matrix composed of
partial correlation coefficient rik, where m is the number of
influencing factors, then.

R =

r11 r12 ⋯ r1m

r21 r22 ⋯ r2m

⋮ ⋮ ⋱ ⋮

rm1 rm2 ⋯ rmm

2
666664

3
777775: ð2Þ

Let S be the inverse matrix of the correlation coefficient
matrix R.

S = R−1 =

s11 s12 ⋯ s1m

s21 s22 ⋯ s2m

⋮ ⋮ ⋱ ⋮

sm1 sm2 ⋯ smm

2
666664

3
777775: ð3Þ

According to the formula of partial correlation coeffi-
cient, the partial correlation coefficient rik′ between the i fac-
tor and the k factor can be obtained.

rik′ =
−sikffiffiffiffiffiffiffiffiffi
siiskk

p : ð4Þ

The greater the partial correlation coefficient rik′ is, the
greater the correlation between the and the k influencing fac-
tors is. And the smaller the rik′ is, the smaller the correlation
between the i and the k influencing factors is.

(2) Calculation of F value

When the correlation between the two factors is high, in
order to avoid the subjective deletion of the significant fac-
tors, we can solve this problem by calculating the F value of
the two factors. Assuming that Fi is the F value of the i factor,

Equation (5) can be used for calculation.

Fi =
�xj

0ð Þ − �xj
� �2 + �xj

1ð Þ − �xj
� �2

1/ n 0ð Þ − 1
� �� �

∑yj=0 xij − �xj
0ð Þ� �2 + 1/ n 1ð Þ − 1

� �� �
∑y j=1 xij − xj

1ð Þ� �2 ,
ð5Þ

xi
0ð Þ =

1
n 0ð Þ 〠

yj=0
xij, ð6Þ

xi
1ð Þ =

1
n 1ð Þ 〠

yj=1
xij, ð7Þ

xi =
1
n
〠
n

j=1
xij: ð8Þ

Fi reflects the magnitude of the influence of the i factor
on rural information demand; the greater theFi is, the greater
the impact is; on the contrary, the smaller the impact on rural
information demand is.

In the multivariate analysis of rural information demand
factors, pure correlation analysis cannot fully reflect the cor-
relation between the factors, because other factors interfere
with these factors, so partial correlation analysis is an effec-
tive way to solve this problem [20].

(3) Set the deletion criterion based on partial correlation
analysis

If the absolute value of the partial correlation coefficient
of two related factors jrikj > 0:7, it is considered that the
two factors are highly correlated, and the information of
the two factors response is highly repeatable, so one of them
should be deleted. If the partial correlation coefficient is
greater than 0.7, the factor whose F value is less than 0.7
should be deleted.

2.2. Analysis of Influencing Factors Based on Probit Regression

2.2.1. Discrete Probit Regression Model. The probit model is a
generalized linear model that follows a normal distribution
[20]. The simplest probit model is that the explanatory vari-
able Y is a 0, 1 variable, and the probability of an event occur-
ring depends on the explanatory variable ðY = 1Þ = f ðxÞ, that
is, the probability of Y = 1 is a function of X, where f ðÞ obeys
the standard normal distribution. This paper will use the
probit model to screen out the factors affecting the informa-
tion demand in rural areas. When the value of dependent
variable yj is 1, it shows that independent variable has an
impact on rural information demand, and when the value
of dependent variable yj is 0, it shows that independent var-
iable has no effect on rural information demand.

(1) Introducing intermediate variables y∗j

Because the probit model is a linear model, and the
dependent variable yj is 0 and 1, it is a discrete variable, so
it cannot be directly calculated by linear regression equation.
Therefore, it can be solved by introducing intermediate
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variable y∗j and fitting linear regression equation with
influencing factors. y∗j can represent a state of rural informa-
tion demand; when y∗j > 0 and the value of yj is 1, think that
this factor has an impact on rural information demand; when
y∗j < 0, think that the value of yj is 0, and this factor has no
impact on rural information demand. The linear regression
equation is given below.

y∗j = 〠
m

i=1
βixij + α + εj = Xjβ + α + εj: ð9Þ

y∗j is an intermediate variable, representing the rural
information demand state of the j village; βi represents the
regression coefficient of the i influencing factor; xij represents
the observed value of the i influencing factor of the j village; α
is a constant term; εj is a random variable and obeys normal
distribution εj ~Nð0, σ2Þ; β = ðβ0, β1,⋯, βmÞ is a regression
coefficient vector, and Xj = ðx1j, x2j,⋯ , xmjÞ is a vector com-
posed of the influencing factors of the j village.

(2) Calculate the probability of rural information
demand in each village

The intermediate variable y∗j of Equation (10) is used to
calculate the probability of rural information demand in each
village. Because of εj ~Nð0, σ2Þ, it is concluded that

P yj = 1 ∣ Xj

� �
= P y∗j > 0 ∣ Xj

� �
=Φ α + Xjβ
� �

: ð10Þ

Similarly, it is possible to calculate the probability of
unaffected information demand in rural areas:

P yj = 0 ∣ Xj

� �
= P y∗j < 0 ∣ Xj

� �
= 1 −Φ α + Xjβ

� �
: ð11Þ

Where f is a normal distribution function, it can be
solved by Equation (12) through maximum likelihood esti-
mation.

MAX ln L = 〠
n

j=1
yj ln Φ α + Xjβ

� �� �
+ 1 − yj
� �

ln 1 −Φ α + Xjβ
� �� �h i

:

ð12Þ

2.2.2. Testing Based on the Probit Model. Construct a probit
model, establish the Wald statistic of the influencing factors,
and use the chi-square test [21, 22]. When the corresponding
significance probability is greater than 0.01, the factors with
the greatest significance probability are deleted. The specific
steps are as follows:

(1) Calculate the regression coefficient of the probit
model. The probit regression model was constructed
according to Equations (9) and (12) of m factors
affecting rural information demand and the corre-
sponding observed values of rural information
demand state yi. The corresponding coefficients α, β

and corresponding standard errors SEβk
are solved,

where β = ðβ1, β2,⋯, βmÞ
(2) Calculate the significance probability of each factor s,

construct the Wald statistics of each factor, and test
the hypothesis of the significance of each factor

Suppose H0: βk = 0. If H0, the k factor has no significant
impact on rural information demand.

Suppose H1: βk ≠ 0. If H1, then the k factor has a signifi-
cant impact on the rural information demand.

Let Wk be the Wald statistical variable corresponding to
the k influencing factor of rural information demand, βk be
the parameter estimation value of the k influencing factor,
and SEβk

be the standard error of βk, then.

Wk =
βk

SEβk

 !2

: ð13Þ

By constructing theWald statisticWk, it is possible to test
whether the parameter estimation βk of the influence factors
is significantly 0. If βk = 0, H0 is true. Wk obeys the chi-
square distribution with degree of freedom 1, that is Wk ~
χ2ð1Þ; the corresponding significance probability value s is
obtained according to the chi-square distribution table.

(i) If s < 0:01, the original hypothesis H0 is rejected,
which shows that this factor has a significant impact
on the rural information demand

(ii) If s > 0:01, then accept the original hypothesis H0,
indicating that although βk = 0, but this factor has
no significant impact on rural information needs

(3) For all the influencing factors of significant probabil-
ity s > 0:01, the maximum s value is removed. s > 0:01
shows that accepting the hypothesis H0, this factor
has no significant impact on rural information
demand. Among all the factors that have no signifi-
cant impact, the factors corresponding to the maxi-
mum s value can be removed. It should be noted
that all factors affecting s > 0:01 cannot be deleted at
one time, because each factor may be affected by mul-
tiple variables, deleting a variable; the original non-
significant factors may become significant factors

(4) Repeat Steps (1)–(3) until the coefficients of all vari-
ables in the model meet s < 0:01

By solving the state variable y of rural information
demand and the coefficient of probit regression equation
β between influencing factors and its standard error SEβ,
construct Wald statistics of influencing factors to test the
significance probability of regression equation coefficient β
and eliminate the factors that have little impact on rural
information demand, and the regression coefficient β is
not significant.
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2.3. Validation of Influencing Factors Based on ROC Curve

2.3.1. ROC Curve. The ROC curve refers to the receiver operat-
ing characteristic. Each point on the ROC curve reflects the sen-
sitivity to the same signal stimulus [23, 24]. In view of the
relationship between the predicted value and the true value,
we can divide the sample into four parts: true positive (TP):
the predicted value and the true value are all 1; false positive
(FP): the predicted value is 1, and the true value is 0; true nega-
tive (TN): the predicted value and the true value are both 0; and
false negative (FN): the predicted value is 0, and the true value
is 1. The classification confusion matrix is shown in Table 1.

The vertical axis of the ROC curve represents true posi-
tive rate (TPR), and the horizontal axis represents false pos-
itive rate (FPR).

TPR = TP
TP + FN

, ð14Þ

FPR =
FP

TN + FP
: ð15Þ

ROC curve is actually a dot plot of TPR and FPR under
different thresholds. Given a threshold, we can get the corre-
sponding TPR and FPR values. By detecting a large number
of thresholds, a TPR-FPR correlation map can be obtained.
In AUC (area under the curve), that is, the larger the area
under the ROC curve is, the better the classifier is, the maxi-
mum value is 1.

2.3.2. Inspection of Influencing Factors of Rural Information
Demand Based on ROC Curve. The ACU value of ROC curve
is used to determine whether the factors affecting rural infor-
mation demand selected by the probit regression model are
correct [25]. According to the confusion classification
matrix, the number of influential factors is recorded as TP,
the number of factors misjudged as influential factors is
recorded as FN, the number of factors judged as unaffected
factors is recorded as FP, and the number of factors mis-
judged as unaffected factors is recorded as TN. The specific
analysis results are shown in Table 2.

According to Equation (14), the correct discriminant rate
is calculated, and the number TP which is discriminated as
the influential factor is divided by the number TP + FN
which is the actual number of all the influential factors.
It indicates that the factors that actually affect the rural
information demand are discriminated as the probability
of influencing factors by the abovementioned probit
model [26].

According to Equation (15), the misjudgment rate is
calculated, and the number of factors which are misjudged
as influential factors is divided by the number of factors that
are not actually affected by the number of FP + TN. It is indi-
cated that the factors that have no influence on rural infor-
mation demand are identified as influential factors by the
abovementioned probit model.

The ROC curve is plotted on the longitudinal axis and the
horizontal axis, respectively, by the correct discriminant rate
and false discrimination rate [27]. When the abscissa is con-
stant, the larger the ordinate is, the greater the impact of this
factor on rural information demand is, and the correspond-
ing AUC value is also larger. Therefore, the larger the AUC
value is, the better the classifier is, which means that the
greater the impact of this factor on rural information needs
is, the maximum value is 1. When AUC = 1, it is a ideal clas-
sifier, and with this prediction model, ideal prediction can be
achieved no matter what threshold is set. When 0:9 < AUC
< 1, the influence factor is better. If the threshold is set prop-
erly, the model has better predictions. When 0:7 < AUC < 0:9
, the influence factors are moderate, and the model has a cer-
tain predictive value. When 0:5 < AUC < 0:7, the discrimi-
nant effect is poor, and there is basically no predictive
value. Where AUC < 0:5, the discriminant effect of the model
is very poor, but it is better than random guess as long as it
always goes against prediction.

Therefore, according to all the factors identified by the
above probit regression model, if the AUC value is greater
than 0.9, it is concluded that this factor has a significant
impact on rural information demand. The research shows
that the area under the ROC curve constructed by all the fac-
tors in this paper is higher than 0.9, which ensures the ability

Table 1: Classification confusion matrix.

Real situation
Prediction results

Positive example Counter example

Positive example True example (TP) False counter example (FN)

Counter example False positive cases (FP) True counter example (TN)

Table 2: Classification results of the probit regression model for influencing factors of rural information demand.

Actual
impact

Model classification results
1 (influential) 0 (no impact) Total

1
(influential)

The actual influence is determined by the number of
factors that are affected by the model TP

The number of factors that actually affect but is
misjudged by the model is not affected by FN

TP + FN

0 (no
impact)

The number of factors that are misjudged by the model is
FP

The actual number of factors that were correctly judged
by the model was not affected by TN

FP + TN

Total TP + FP FN + TN
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to distinguish the influence of various factors on rural infor-
mation demand.

3. Empirical Analysis of Rural
Information Demand

3.1. Analysis of Influencing Factors of Rural Information
Demand. Through the combing and research of domestic
and foreign literatures, the factors affecting rural information

demand are summarized into seven aspects: environmen-
tal factors, subject factors, family factors, economic fac-
tors, geographical factors, cognitive factors, and political
factors [28, 29].

3.1.1. Environmental Factors. At the micro level, the popular-
ity of the Internet, the number of computers, and the number
of mobile phones, television, and radio coverage have
become important factors affecting rural information needs.

Table 3: Influencing factors of rural information demand.

Research object
First level influencing

factors
Two level influence factors

Influencing factors of rural
information demand

Environmental factors

Fixed coverage of administrative villages X1

Number of cable TV per 1000 people X2

Optical fiber length per 100 square kilometers X3

TV coverage rate X4

Number of information talents per 10000 people X5

Number of students per 1000 students X6

The number of computers per 100 households in rural areas X7

The number of TV sets per 100 households in rural areas X8

The number of mobile phones per 100 households in rural areas X9

Number of Internet users per 10000 X10

Rural per capita postal volume X11

Fixed investment in telecom industry accounts for the proportion of total social
investment X22

Fixed investment in the information industry accounts for the proportion of fixed
asset investment in the whole society X13

Main factors

Sex X14

Age X15

Marital status X16

Health X17

Cultural level X18

Occupation X19

Personal income X20

Experience of going out for work X21

Family factors

Number of family members X22

Number of family labor force X23

Number of male family members X24

Number of family members X25

Source of family income X26

Family happiness index X27

Economic factors

Per capita income of farmers X28

Source of farmers’ income X29

Per capita disposable income of farmers X30

Geographical factors

Distance from county highway X31

Distance from provincial highway X32

Distance from town center X33

Distance from county center X34

Cognitive factors

Knowledge of information X35

Awareness of information acceptance X36

The ability to receive information X37

Policy factors National informatization policy X38
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First, rural information infrastructure and technology are the
basic resources of rural information environment and an
important premise of rural information environment optimi-
zation. Its construction level is an important part of rural
information environment. The second is rural information
talents. The optimization of rural information environment
needs high-quality and professional talent team to achieve,
in order to continuously promote the improvement of rural
informatization level. Rural scientists and technicians are
an important force in the construction of rural information
environment and an important guarantee for the continuous
advancement of rural informatization. Rural college students
have higher professional quality and professional ability,
which is an important force in the future construction and
optimization of rural information environment. The third
is the rural information network coverage. It reflects the
application of rural information infrastructure. The four is
the input and output of rural informatization.

3.1.2. Subject Factors. Individual characteristics mainly
include gender, age, marital status, health status, educational
level, occupation, personal income, and migrant work
experience. Gender is an important factor affecting rural
information need. Generally speaking, men’s demand for
information is more intense than that of woman. From
the perspective of information economics, the subjective
desire of different age structures for rural information
needs is quite different. Young people are more likely than
the elderly to accept new information technology and
information products. The impact of marital status on
rural information needs research results that are rare,
and it is unclear whether there is a correlation. This paper
will explore this issue through follow-up models. Health
status is also a major impact on rural information needs.
The cultural level affects the information quality of rural
subjects to a great extent. The traditional theory of rural
informatization holds that the farmers’ information quality
has a positive correlation with the demand and acceptance
of informatization. People are engaged in agricultural and
nonagricultural occupations in rural areas; the dual nature
of occupation may also have an impact on rural informa-
tion needs. In general, the higher the personal income is,

the stronger the demand for information is. Farmers with
migrant experience have a wider horizon and a stronger
sense of information needs.

3.1.3. Family Factors. Family factors mainly include the num-
ber of family population, the number of family labor force,
the number of male family, the number of female family,
family happiness index, and family income sources. The the-
ory of network externalities believes that as the number of
users increases, utility gained by each user from the network
increases. Therefore, the number of family members may
also be an important factor affecting the information needs
in rural areas. Statistical studies have shown that gender is
an important factor affecting Internet demand. For rural
households, the more males there are, the stronger the rural
information demand there is. Similarly, the number of
women in the family may also affect the family’s demand
for rural information. The quantity of household labor force
is proportional to household income to a certain extent. The
more the labor is, the higher the household income is, the
stronger the demand for information is. On the contrary,
the less the labor is, the lower the household income is, the
lower the desire for information demand is. Family happi-
ness index in a sense reflects the level of family income and
indirectly affects the farmers’ demand for information. At
present, the relationship between happiness index and infor-
mation access demand has not been found in academic and
theoretical circles. However, we can see that the higher the
family happiness index is, the higher the income is, so it will
indirectly affect the farmers’ demand for information.

3.1.4. Economic Factors. Economic factors mainly include the
per capita income of farmers, the source of farmers’ income,
and the level of regional economy.

3.1.5. Geographical Factors. The geographical characteristics
of rural information demand have great influence. The geo-
graphical features are mainly reflected in the geographical
location of rural areas, including county-level roads, provin-
cial highways, distance from township centers, and distance
from county centers.

Table 4: Distribution of selected respondents.

Village name Sample size Village name Sample size Village name Sample size

New village 78 Lijiazhuang 55 Xichatou 85

Xituo 66 Wanli 61 Lijiagou 54

Ximufu 48 Nanyanchuan 44 Majiazhuang 53

Beijicheng 65 Sijiazhuang 46 Liatong 44

Zhushi 39 Nanbaishi 54 Zhangjiatai 35

Xiaohanlou 67 Xiqingtong 39 Xiwan 29

Niucheng 69 Ciyu 70 Niuzhuang 34

Dongchengnan 43 Dongjiazhuang 46 Zhaitou 48

Sunzhuang 57 Beitanzhuang 80 Nanying 32

Nangoutai 34 Shanmenkou 42 Manshan 26
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3.1.6. Cognitive Factors. Cognitive factors have an important
impact on rural information needs. Cognitive factors mainly
include the cognitive level of rural subjects to information,
the awareness of information acceptance, and the ability to
receive information.

3.1.7. Policy Factors. It mainly refers to the national policy
information on rural informatization. Government informa-
tization policies, such as rural revitalization strategies, rural

e-commerce, digital rural areas, and smart rural areas, affect
farmers’ perceptions of rural information needs.

In summary, rural information needs are affected by 38
factors in 7 aspects of the environment. This paper uses par-
tial correlation coefficient, probability model, and ROC curve
to screen and identify the factors affecting rural information
demand, and finally find out the real key factors affecting
rural information demand. Specific factors are shown in
Table 3.

Table 5: Part village related raw data.

First level influencing
factors

Two level influence factors
Related raw data

C1 C2 C3 C28 C29 C30

Environmental factors

Fixed coverage of administrative villages X1 80 91 68 86 69 74

Number of cable TV per 1000 people X2 306 203 156 489 543 345

Optical fiber length per 100 square kilometers X3 5 23 45 21 32 37

TV coverage rate X4 90 97 88 96 76 85

Number of information talents per 10000 people X5 123 178 45 36 234 132

Number of students per 1000 students X6 45 67 39 44 29 56

The number of computers per 100 households in rural areas X7 39 43 28 50 45 77

The number of TV sets per 100 households in rural areas X8 90 93 96 97 99 99

The number of mobile phones per 100 households in rural areas X9 156 137 269 211 169 304

Number of Internet users per 10000 X10 1267 3304 890 1278 908 4512

Rural per capita postal volume X11 4 7 11 6 4 2

Fixed investment in telecom industry accounts for the proportion of total
social investment X22

10 13 21 8 25 14

Fixed investment in the information industry accounts for the proportion of
fixed asset investment in the whole society X13

12 13 16 21 15 17

Main factors

Sex X14 1 1 2 2 1 1

Age X15 3 3 4 3 4 5

Marital status X16 1 1 1 1 1 1

Health X17 3 4 3 4 5 4

Cultural level X18 2 1 2 1 2 3

Occupation X19 1 1 1 1 1 1

Personal income X20 1 2 2 2 2 3

Experience of going out for work X21 2 2 2 2 2 2

Family factors

Number of family members X22 2 3 3 2 3 3

Number of family labor force X23 2 3 2 3 3 2

Number of male family members X24 1 2 1 2 2 2

Number of family members X25 2 1 2 1 1 1

Source of family income X26 1 1 1 1 1 1

Family happiness index X27 3 2 3 3 3 4

Economic factors

Per capita income of farmers X28 3247 4563 3349 5640 5530 6742

Source of farmers’ income X29 1 1 1 1 1 1

Per capita disposable income of farmers X30 3111 4290 3150 4890 4369 5548

Geographical factors

Distance from county highway X31 12 34 18 22 9 15

Distance from provincial highway X32 2 5 7 4 6 13

Distance from town center X33 6 8 9 4 7 15

Distance from county center X34 15 18 14 26 33 18

Cognitive factors

Knowledge of information X35 2 3 2 2 3 3

Awareness of information acceptance X36 1 2 2 1 2 2

The ability to receive information X37 2 3 3 3 2 3

Policy factors National informatization policy X38 1 1 1 1 1 1
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3.2. Sample Selection and Data Sources

3.2.1. Sample Selection. Because this paper studies the rural
information needs, so from the regional survey object
selected as the villagers of natural villages. Considering the
convenience of data acquisition and the homogeneity of sam-
ple division, and covering the plain, hilly, and mountainous
terrain in the regional space, this study selected 30 natural
villages of 15 townships in Lingshou County, Hebei Province,
as the sample. The specific distribution is shown in Table 4.

3.2.2. Data Source. The empirical data mainly come from two
aspects: the first is the statistical yearbook data of Lingshou
County. Second is the survey data; this part of the data
mainly includes interviews with relevant personnel data and
sample survey data. The specific data is shown in Table 5.

3.3. Data Standardization

3.3.1. Standardization of Data Indicators. For the data indica-
tors including positive, negative, and interval three catego-
ries, respectively, the above formulas are used to calculate
the standardized 0-1 interval data [30–32].

3.3.2. Quantitative Processing of Qualitative Data. The qual-
itative data are quantified by using the Likert scale principle.
The specific variable design and its meaning are shown in
Table 6.

3.4. Evaluation of Influencing Factors of Rural Information
Demand Based on Partial Correlation Analysis. Partial corre-
lation analysis of standardized data is carried out to avoid the
correlation of indicators only existing in data and the lack of
correlation of economic significance [33]. Using the data in
Table 7 and according to Equations (4)–(7), the partial corre-
lation coefficients of each factor can be calculated by SPSS
software. The results are shown in Table 8. According to
the calculation results, the partial correlation coefficients of
six pairs of factors are greater than 0.7, so the six pairs of fac-
tors are highly correlated and there is information redun-
dancy. Therefore, it is necessary to further calculate the F
value of six pairs of related factors. The six related factors
are the number of cable TV per 1000 people and the number
of TV sets per 100 households in rural areas, the number of
information talents per 10000 people and the number of col-
lege students per 1000 people, the number of computers per
100 households in rural areas and the number of Internet

Table 6: Quantitative design of qualitative variables and its implications.

Variable Variable name
Variable
value

The meaning of variable value

X14 Age {1, 2, 3, 4, 5}
1 = 18 years old and below, 2 = 19 to 28 years old, 3 = 29-38 years old,

4 = 39 to 48 years old, and 5 = 49 years old and above

X15 Sex {1, 2} 1 = male and 2 = female

X18 Educational level {1, 2, 3, 4, 5}
1 = primary school and below, 2 = junior high school, 3 = high school or technical

secondary school, 4 = specialist, and 5 = undergraduate and above

X20 Personal income {1, 2, 3, 4, 5} 1 = 1000 and below, 2 = 1000-3000, 3 = 3000-5000, 4 = 5000-7000, and 5 = 7000 above

X22
Number of family

members
{1, 2, 3, 4, 5} 1 = 1, 2 = 2‐3, 3 = 4‐5, 4 = 6‐7, and 5 = 8 and above

X16 Marital status {1, 2, 3, 4} 1 = unmarried, 2 = married, 3 = divorced, and 4 = widow

X35
Knowledge of
information

{1, 2, 3, 4, 5} 1 = conflict, 2 = is unwilling, 3 = is general, 4 = is willing, and 5 = is very willing

X36
Awareness of

information acceptance
{1, 2, 3, 4, 5}

1 = is very confused, 2 = does not understand, 3 = is general, 4 = understands,
and 5 = knows very well

X37
The ability to receive

information
{1, 2, 3, 4, 5} 1 = is very bad, 2 = is bad, 3 = is general, 4 = is strong, and 5 = is very strong

The original data are standardized according to different data types.

Table 7: Partial factors and partial correlation coefficient calculation results.

Factor name
Fixed coverage of

administrative villages X1
Number of cable TV per

1000 people X2
The ability to receive
information X37

National
informatization policy

X38

Fixed coverage of
administrative villages X1

-1.00 ∗∗∗ ∗∗∗ ∗∗∗

Number of cable TV per
1000 people X2

-0.07 -1.00 ∗∗∗ ∗∗∗

The ability to receive
information X37

0.13 0.09 -1.00 ∗∗∗

National informatization
policy X38

0.22 0.16 0.31 -1.00
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users per 10000 people, personal income and per capita
income of farmers, family income sources and farmers’
income source, distance from county highway, and distance
from provincial highway. The specific results are shown in
Table 7.

The F values of six pairs of related factors are calculated,
and the results are shown in Figure 1. At the same time, six
pairs of factors with F values were compared, and 6 factors
with smaller F value were deleted. From the data in
Table 9, we can see that the F value of the number of cable
TV per 1000 people is less than the F value of the number
of television per 100 households in rural areas, the F value
of the number of college students per 10000 people is less
than the F value of the number of information personnel
per 10000 people, the F value of the number of Internet users
per 10000 people is less than the F value of the number of

computers per 100 households in rural areas. The F value is
smaller than the per capita income of farmers, and the F
value of the distance between county highway and provincial
highway is smaller than that of provincial highway. There-
fore, six factors such as X2, X6, X10, X20, X29, and X31 with
smaller F value are deleted. The specific results are shown in
Table 8.

3.5. Analysis of Influencing Factors of Rural Information
Demand Based on Probit Regression. On the basis of partial
correlation analysis, the remaining factors are screened by
using the probit regression model to find out the factors that
have a greater impact on rural information demand [34].
After regression analysis of the remaining 32 factors, the rel-
evant regression parameters were calculated. The specific
results are shown in Table 9.
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Figure 1: Clustering results of partial correlation coefficients of various factors.

Table 8: Factors to be deleted based on F value.

Factors with partial correlation coefficient greater than 0.8 Partial correlation
coefficient

Deleting
factorsInfluencing factors 1 F value Influencing factors 2 F value

Number of cable TV per 1000 people X2 0.014
The number of TV sets per 100
households in rural areas X8

0.023 0.84 X2

Number of information talents per 10000
people X5

0.132 Number of students per 1000 students X6 0.095 0.91 X6

The number of computers per 100
households in rural areas X7

0.059 Number of Internet users per 10000 X10 0.018 0.93 X10

Personal income X20 0.004 Per capita income of farmers X28 0.012 0.88 X20

Source of family income X26 0.236 Source of farmers’ income X29 0.170 0.85 X29

Distance from county highway X31 0.301 Distance from provincial highway X32 0.332 0.87 X31
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The standard error of each factor reflects to a certain
extent of the variation degree of sample average to total aver-
age [35]. The difference of standard errors of factors shows
that there are certain differences in the selection of samples
for each factor. However, the significance of this effect on
each factor is acceptable.

In the significant probability s > 0:01 factor, delete the
biggest factor of s value. According to this principle, we com-
pare the s of all s > 0:01 factors in Table 10 to delete the larg-
est one. Probit regression is performed on the remaining 31
factors, and the corresponding regression parameters are cal-
culated until the s value of all the factors is less than 0.01. For
example, according to the results of the first regression, all s
values are less than 0.1, but the gender factor has the largest
s value, so the gender factor is deleted, and then probit regres-
sion is performed again until the s value of all factors is less
than 0.1. Finally, through the probit regression analysis, 8
factors such as the proportion of administrative village, gen-

der, marital status, health status, number of family members,
number of male family members, number of female family
members, and family happiness index were deleted, which
did not significantly affect rural information demand.

3.6. Validation and Analysis of Factors Affecting Rural
Information Demand Based on ROC Curve. The data of 24
selected factors were brought into Equations (9)–(12). The
probability Pðyj = 1jXjÞ of each village affected by relevant
factors was calculated by using the probit model. When
Pðyj = 1jXjÞ > 0:5, the effect was obvious, and when Pðyj
= 1jXjÞ < 0:5, it was not.

First, the AUC value is a probability value. When you
randomly select a positive sample and a negative sample,
the probability that the current classification algorithm ranks
the positive sample before the negative sample according to
the calculated score value is the AUC value. The larger the

Table 9: Probit regression results.

Factor name Regression coefficient Standard error Wald test value
Saliency

probability

Fixed coverage of administrative villages X1 0.176 0.287 0.361 0.073

Optical fiber length per 100 square kilometers X3 0.384 1.236 0.445 0.129

TV coverage rate X4 0.279 0.883 0.750 0.069

Number of information talents per 10000 people X5 0.783 0.176 0.115 0.230

The number of computers per 100 households in rural areas X7 0.212 0.478 1.004 0.176

The number of TV sets per 100 households in rural areas X8 0.334 0.579 0.668 0.097

The number of mobile phones per 100 households in rural areas X9 0.913 0.336 0.654 0.209

Rural per capita postal volume X11 0.592 0.448 0.790 0.075

Fixed investment in the information industry accounts for the
proportion of fixed asset investment in the whole society X13

0.398 0.667 0.085 0.148

Sex X14 -1.023 0.369 0.981 0.668

Age X15 0.359 0.783 0.245 0.189

Marital status X16 -1.382 0.450 0.695 0.033

Health X17 -0.659 0.560 0.235 0.439

Cultural level X18 0.785 0.207 0.638 0.091

Occupation X19 -3.772 0.697 0.346 0.087

Experience of going out for work X21 -2.910 0.458 0.442 0.037

Number of family members X22 0.709 0.430 0.675 0.127

Number of family labor force X23 0.559 0.650 0.283 0.076

Number of male family members X24 0.389 0.452 0.109 0.087

Number of family members X25 0.669 0.127 1.245 0.343

Source of family income X26 0.945 0.457 2.331 0.061

Family happiness index X27 0.775 0.451 0.609 0.108

Per capita income of farmers X28 0.707 0.532 0.246 0.079

Per capita disposable income of farmers X30 0.409 0.610 3.026 0.417

Distance from provincial highway X32 -1.731 0.796 0.458 0.065

Distance from town center X33 -1.088 0.569 0.337 0.098

Distance from county center X34 -3.952 0.480 0.639 0.112

Knowledge of information X35 0.515 0.707 3.041 0.046

Awareness of information acceptance X36 0.738 0.449 2.064 0.032

The ability to receive information X37 0.893 0.649 1.372 0.018

National informatization policy X38 0.776 0.985 0.689 0.050
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AUC value is, the more likely the current classification algo-
rithm will rank the positive sample before the negative sam-
ple, so that they can be better classified.

Specifically, it is to count all M ×N (M is the number of
positive samples; N is the number of negative samples) posi-
tive and negative sample pairs; how many groups of positive
samples have a score greater than the negative sample score.
When the scores of the positive and negative samples in the
binary group are equal, the calculation is performed accord-
ing to 0.5. Then divide by MN. The formula for calculating
the AUC value is as follows:

AUC =
∑i∈positive classranki − M 1 +Mð Þ/2ð Þ

M ×N
: ð16Þ

The ROC curve corresponding to 24 factors and the area
under the curve (AUC) value were obtained by calculation.
The results show that all AUC values are greater than 0.9,
indicating that all factors are significantly related to rural
information demand. At the same time, according to the rule
that the greater the AUC value is, the more significant the
demand relationship is, the order of 24 factors is ranked.
The impact of every 100 households in rural areas that have
mobile phones is most significant. The AUC values for the
specific 24 factors are shown in Table 10.

The ROC curve is composed of dot plots of TPR and FPR
corresponding to multiple critical values. Therefore, different
threshold values can be used to obtain points above the mul-
tiple ROC curves, and the TPR and FPR values are used as
the horizontal and vertical axes, respectively. The SPSS soft-
ware draws the most significant factor. The ROC curve of
the number of mobile phones per 100 households in rural
areas is shown in Figure 2.

The area below the ROC curve indicates that the AUC
value reflects the significant impact of the number of mobile
phones per 100 households in rural areas on rural informa-
tion demand. In Figure 2, AUC = 0:975 is greater than 0.9,
so there are 100 rural households screened by the probit
model. The number of mobile phones has a significant
impact on rural information needs.

4. Conclusion

This chapter mainly analyzes and studies the information
demand problem caused by the lack of rural information
supply as a whole, and obtains the following conclusions:

(1) The traditional factor analysis of rural information
demand does not consider the correlation between
factors, so the factors themselves carry a lot of

Table 10: AUC value of all influencing factors.

Serial
number

Factor name
AUC
value

1 The number of mobile phones per 100 households in rural areas X9 0.975

2 The number of computers per 100 households in rural areas X7 0.972

3 Number of family members X22 0.967

4 The ability to receive information X37 0.966

5 Optical fiber length per 100 square kilometers X3 0.96

6 Distance from county center X34 0.955

7 Number of family labor force X23 0.953

8 Awareness of information acceptance X36 0.953

9 The number of TV sets per 100 households in rural areas X8 0.947

10 Distance from town center X33 0.946

11 Experience of going out for work X21 0.942

12 National informatization policy X38 0.941

13 Knowledge of information X35 0.937

14 Source of family income X26 0.936

15 Per capita income of farmers X28 0.935

16
Fixed investment in the information industry accounts for the proportion of fixed asset investment in the whole

society X13
0.933

17 Age X15 0.931

18 Distance from provincial highway X32 0.928

19 Cultural level X18 0.925

20 Occupation X19 0.921

21 Rural per capita postal volume X11 0.919

22 Number of information talents per 10000 people X5 0.917

23 Per capita disposable income of farmers X30 0.917

24 TV coverage rate X4 0.913
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redundant information, which is a certain interfer-
ence to the judgment of the impact degree. Taking
Lingshou County as an example, using the method
of partial correlation analysis, by calculating F value,
the influencing factors with highly repetitive infor-
mation are eliminated, and the complexity of calcula-
tion is reduced. The probit regression model is
constructed to test the influencing factors of rural
information demand. Through the comparison of
regression coefficient and test probability, the nonsig-
nificant correlation of rural information demand is
deleted, and ROC curve is introduced to test the
above results twice, which improves the reliability of
factor correlation

(2) The 24 influencing factors of rural information
demand directly or indirectly affect the supply of
rural information services. They provide the basis
for the supply of rural information services from
the seven aspects of objective environment, subject
characteristics, family, economy, geography, cogni-
tion, and policy, such as improving infrastructure
construction, training information service talents,
and providing differentiation, and at the same time,
the research results also show that the supply of rural
information is related to farmers’ information cogni-
tive ability, acceptance awareness, and acceptance
ability

The innovation of this paper lies in the partial correlation
analysis of influencing factors of rural information demand

and the ROC secondary test. It provides a new idea and
method to solve the related problems.
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