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Abstract 

With the advent of the big data era, big data 

knowledge and private knowledge have become two 

dominant types of knowledge that an enterprise needs for 

product innovation. Based on the analysis of the 

relationships and the mutual influence between big data 

knowledge and private knowledge, a decision model of 

knowledge transfer that can take into consideration the 

influence of various knowledge structures on the 

efficiency of knowledge transfer is presented. Simulation 

experiments have been developed for different influence 

coefficients and knowledge weights. The experimental 

results are consistent with previous studies and the actual 

economic situation, suggesting that the model is valid. 

The model can provide decision-making support for 

enterprises to determine the allocation of a knowledge 

structure in the big data environment. 

Keywords:  Big data, Knowledge transfer, Knowledge 

structure, Efficiency, Decision model 

1 Introduction 

With the rapid development of the Internet, 

networking, social networks, and cloud computing, the 

era of big data has been ushered in. The date properties 

of integrity and availability become more and more 

important in many commercial applications [1]. The 

use of big data has become the basis of competition 

and growth for individual enterprises. It can enhance 

productivity and create significant value for enterprises 

by guiding decisions, trimming costs and increasing 

the quality of products and services [2]. For example, 

McGuire et al. assert that enterprises can mine 

customer behaviors (such as preferences, needs and 

feedback) by analyzing and processing big data to 

implement iterative development [3]. Bughin et al. 

suggest that the integration of massive amounts of data 

into research and development in the manufacturing 

industry is conducive to shortening the required time of 

parallel engineering, and to improving product quality 

[4]. Statsoft has noted that enterprises can improve the 

efficiency of their business operations and promote 

their own development by collecting data, analyzing 

data and publishing data in the process of the evolution 

of information technology [5]. Therefore, big data has 

become one of the most important elements for 

enterprises, and the useful knowledge mined from big 

data by some specialized agencies and personnel has 

become an important type of knowledge that 

enterprises need for innovation. This type of 

knowledge can be called big data knowledge [6-10].  

In the big data environment, enterprises usually try 

their best to acquire new knowledge to carry out 

product innovation by transferring big data knowledge 

from big data knowledge providers [11-12]. 

Enterprises do so for two reasons. First, transferring 

big data knowledge from specialized big data 

knowledge providers can help reduce the costs and 

improve the performance of enterprises [13-14]. 

Second, although big data is widely available, some 

enterprises can not obtain knowledge directly from big 

data due to their own technological limitations [15-21]. 

Therefore, knowledge transfer is very important for 

enterprises in the big data environment; almost every 

enterprise needs to transfer big data knowledge from 

big data knowledge providers [6-10]. However, over 

mining from big data may violate intellectual property 

rights and personal privacy [22]. Enterprises need to 

transfer private knowledge from other organizations 

while transferring big data knowledge from big data 

knowledge providers.  

A new product of an enterprise often includes not 

only big data knowledge but also private knowledge. 

Scholars have carried out numerous studies on 

knowledge transfer of one type of knowledge from 

different perspectives [23-32]. Some researchers have 

studied knowledge transfer of two types of knowledge 

in the big data environment [10, 12, 33]. However, thus 

far, few studies have taken into consideration the 

relationship between different types of knowledge and 
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their influence on knowledge transfer efficiency. 

Different relationships and knowledge weights have 

different effects on the efficiency of knowledge 

transfer. It is necessary to analyze the knowledge 

structure and identify the impact of different 

knowledge structures on the efficiency of knowledge 

transfer when an enterprise not only needs to transfer 

big data knowledge but also needs to transfer private 

knowledge in the big data environment.  

This paper is organized as follows: Section 1 

introduces the background of knowledge transfer in the 

big data environment and the necessity of analyzing 

the relationship and mutual influence between big data 

knowledge and private knowledge. The knowledge 

structure in the big data environment is analyzed in 

Section 2. In Section 3, the modeling method and 

hypotheses are put forward. The optimization model is 

presented in Section 4. The validation and simulation 

experiments of the model are conducted in Section 5. 

The conclusions are drawn in Section 6. 

2 Knowledge Structure in the Big Data 

Environment 

The knowledge structure includes two aspects: one 

is the types and proportion of knowledge, and the other 

is the relationships and mutual influence between 

different types of knowledge. Product innovation often 

needs many types of knowledge in actual economic 

situations. The mode of big data knowledge transfer is 

different from the mode of private knowledge transfer. 

Big data knowledge and private knowledge are the two 

main types of knowledge that an enterprise needs for 

product innovation in the big data environment [10]. 

The proportion of knowledge can be determined by 

weighing the contribution of these two types of 

knowledge to product innovation. 

Knowledge is a special type of product. According 

to the degree of correlation, the relationships between 

big data knowledge and private knowledge can be 

divided into independence, complementarity, 

alternativity, and competition. When two types of 

knowledge are independent, there is no mutual 

influence between them. If two types of knowledge are 

complementary, they are interdependent, and the 

transfer of one type of knowledge must be matched 

with another type of knowledge. Complementary 

knowledge types will promote each other in the 

process of knowledge transfer. Alternativity refers to 

the relationship in which the use of any separate types 

of knowledge can achieve the same goal. For example, 

software used for the same computer operating 

platform are alternatives. Alternative knowledge will 

have a negative effect on each other in the process of 

knowledge transfer. Competitive knowledge refers to 

two types of similar knowledge with a competitive 

relationship. Competitive knowledge will hinder the 

knowledge transfer of both types of knowledge. The 

relationships and mutual influence between big data 

knowledge and private knowledge are shown in Table 

1. 

Table 1. The relationships between and mutual influence of two types of knowledge 

 Big data knowledge 

Independent relationship (No effect) Complementary relationship (Positive effect) 
Private knowledge 

Competitive relationship (Negative effect) Alternative relationship (Negative effect) 

 

3 Methodology of Modeling 

3.1 Modeling Idea and Method 

Suppose that an enterprise only needs to transfer two 

types of knowledge in the big data environment, where 

one type of knowledge is private knowledge from 

another enterprise and the other type of knowledge is 

big data knowledge from a big data knowledge 

provider. There is a mutual influence between these 

two types of knowledge. To analyze the impact of the 

knowledge structure on the efficiency of knowledge 

transfer, an optimization model of knowledge transfer 

can be established based on the maximization of the 

discount expected profit (DEP) of an enterprise in the 

context of the big data environment. The total DEP 

includes the DEP before knowledge transfer, the DEP 

after knowledge transfer and the transfer cost. The 

weights and the mutual influence between two types of 

knowledge will have effect on the DEP after 

knowledge transfer and on the knowledge transfer cost. 

The method of modeling is shown in Figure 1. 

3.2 Model Hypotheses 

In order to compare the current model with previous 

models, the same assumptions and variables remain 

unchanged. The assumptions and variables are as 

follows, the expression of an innovation network in the 

big data environment is ( , , )G V E BD= ; 
i

V  and j
V  are 

two enterprises in ( , , )G V E BD= ; 
i

V  produces only 

one product;  
i

V  transfers one type of private 

knowledge from j
V , and one type of big data 

knowledge from 
k

BD ; 
1 2 1 2 1 2
, (0 , 1, 1)ω ω ω ω ω ω< < + =

 
 

represents the weights of private knowledge and big 

data knowledge; the update rate of private knowledge 

is 
1

β , the update rate of big data knowledge is 
2

β , and   

   



Knowledge Structure and Its Impact on Knowledge Transfer in the Big Data Environment 583 

 

 

Figure 1. Model method 

the total update rate of external knowledge after 

knowledge transfer is β ; the total market volume of 

the product is Q ; the price of the product is p ; the 

discount rate is r ; the marginal cost in the starting 

period is MC ; the absorption capacity is α  
(0 1α< < ); the market share of each enterprise in the 

starting period is φ ; the total market volume increases 

at a rate of 
1 1
(0 1)θ θ< <  in the first 

1
L  periods and 

decreases at a rate of (0 1)θ θ< < in other periods; 

1 1 1
(0 1)ρ θ ρ< < <  is the growth rate of the market share 

of 
i

V  in the first L  periods when 
i

V  only transfers 

private knowledge; 
2 1 2
(0 1)ρ θ ρ< < <  is the growth 

rate of market share of 
i

V  in the first L  periods when 

i
V  only transfers big data knowledge; 

1
(0 1)ρ θ ρ< < <  

is the growth rate of the market share of 
i

V  in the first 

1
L  periods immediately after knowledge transfer; the 

fixed transfer cost of private knowledge is 
1
k  and the 

fixed transfer cost of big data knowledge is 
2
k ; and the 

life cycle of the product is N . The detailed 

assumptions refer to the Ref. [10] and [34]. 

Additionally, two new hypotheses are posited:  

Hypothesis 1. 
i

V  will transfer big data knowledge and 

private knowledge simultaneously in time period T . 

These two types of knowledge can be independent, 

complementary, alternative, or competitive.  

Hypothesis 2. There is mutual influence between big 

data knowledge and private knowledge if they are not 

independent, and the influence coefficient of these two 

types of knowledge is σ . 

4 Optimization Model 

According to hypothesis 1, 
i

V  wants to transfer one 

type of big data knowledge and one type of private 

knowledge simultaneously in time period T . ( )Tξ  is 

the DEP before the knowledge transfer of 
i

V , ( )Tξ  is 

the DEP after the knowledge transfer of 
i

V , and ( )K T  

is the knowledge transfer cost. The total DEP of 
i

V  can 

be denoted ( )Tψ , where ( ) ( ) ( ) ( )T T T K Tψ ζ ξ= + − .  

4.1 The Mutual Influence between Two Types 

of Knowledge 

When an enterprise produces a product using prior 

knowledge, the marginal cost in the starting period is 

MC . The enterprise will accumulate knowledge stock 

according to the knowledge absorption capacity 

(0 1)α α< < . The marginal cost will decline at a rate of 

(1 )α− , and the marginal cost in a time period will 

reduce to ( )n

MC n Tα < . When the enterprise adopts 

new knowledge in time period T, the marginal cost 

changes from 
T

MCα  to 
T

MCβ . The marginal cost in 

period n  will reduce to ( )T n
MC n Tβ α ≥ . 

According to previous hypotheses, the update rate of 

private knowledge is 
1

β , and the update rate of big 

data knowledge is 
2

β . When an enterprise adopts new 

knowledge in time period T, the update rate of external  

private knowledge evolves to 
1

Tβ  and the update rate 

of external big data knowledge evolves to 
2

Tβ . The 

mutual influence depends on the knowledge distance 

between two types of knowledge. Suppose the mutual 

influence between private knowledge and big data 

knowledge is linear and within a certain potential 

threshold value. According to hypothesis 2, the 

influence coefficient is σ  and the mutual influence can 

be expressed as 
1 2

T Tσ β β− . It can be assumed that 

the enterprise will accumulate production experience 

with the new efficiency after knowledge transfer, 

therefore, the update rate of the enterprise in period T  

can be expressed as Eq. (1). 

 
1 1 2 2 1 2

1 2 1 2

+

, 1, 1)

T T T Tβ ω β ω β σ β β

ω ω ω ω

= + −      

    ( 0 ≤ ≤ + =  
 (1) 

The enterprise will accumulate production 

experience based on the efficiency of external 

knowledge. Therefore, when 0σ > , the mutual 
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influence is negative and the relationship between big 

data knowledge and private knowledge is either 

competitive or alternative. When 0σ < , the mutual 

influence is positive and the relationship between big 

data knowledge and private knowledge is 

complementary. When 0σ = , the two types of 

knowledge are independent. 

4.2 DEP before Knowledge Transfer 

Because there is no new knowledge transfer during 

this period, the DEP before knowledge transfer can be 

calculated by subtracting the total cost from the total 

sales revenue and then discounting the profit of each 

phase to the starting point 0n = .The DEP before 

knowledge transfer is as determined according to Eq. 

(2), which can also be found in Ref. [10]. 

1 1

1 1

1

1

1 1

1 1

1

1 1

1

1

1

1 1

1 1

1

1

( )

                

(1 ) (1 )         

(1 ) (1 )

(1 ) (1 )

(1 ) (1 )     

  

ζ
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φ θ φ θ α
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= +
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= +
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+ + −
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T

L n L n

n L

T

L n L n n

n L

T

T L

pQ r Q M C r T L

pQ r Q M C r

pQ r

Q M C r

 

(2)

 

4.3 Transfer Cost 

Enterprises have to pay a certain amount of 

knowledge transfer cost when absorbing private 

knowledge and big data knowledge. Knowledge 

transfer cost K  can be divided into the fixed cost and 

the variable cost. The fixed transfer cost k  includes 

the fixed transfer cost of private knowledge 
1
k  and the 

fixed transfer cost of big data knowledge
2
k . Because 

1 2 1 2 1 2
, (0 , 1; 1)ω ω ω ω ω ω≤ ≤ + =  is used to denote the 

weight of private knowledge and big data knowledge, 

1 1 2 2
k k kω ω= + , where 

1 2
,k k are constants. 

Variable cost is related to the potential difference 

between external knowledge and internal knowledge. 

The potential energy of the internal knowledge is 

related to the absorption capacity α . The potential 

energy of the external knowledge is determined by the 

update rates of private knowledge, big data knowledge 

and the interaction between them. The update rate of 

external knowledge in time period T  is shown in Eq. 

(1); therefore, the knowledge potential difference can 

be expressed as Eq. (3). 

 
1 1 2 2 1 2

( + )T T T T Tα ω β ω β σ β β− + −    (3) 

 

The variable cost can be computed by 

1 1 2 2 1 2
( ( + )T T T T T

F α ω β ω β σ β β− + −  ),  where F  is a 

constant. By discounting the transfer cost to the 

starting point after adding the fixed cost and variable 

cost, the present value of the knowledge transfer cost 

can be expressed as Eq. (4). 

1 1 2 2 1 1 2 2 1 2

1 2 1 2

( ) ( ( + ))

(0 , 1; 1)

T T T T T T
K T k k F rω ω α ω β ω β σ β β

ω ω ω ω

⎡ ⎤= + + − + −    ⎣ ⎦

                  ≤ ≤ + =

(4) 

4.4 DEP after transferring 

Suppose that there is no influence on the growth rate 

of the market share and that 
1 2
,ω ω  are the weights of 

private knowledge and big data knowledge to the 

growth rate of market share; the growth rate of total 

market share ρ  can be calculated using Eq. (5). 

 
1 1 2 2 1 2 1 2

(0 , 1; 1)ρ ω ρ ω ρ ω ω ω ω= + ≤ ≤ + =  (5) 

From previous hypotheses, the market share of 
i

V  

will increase at a rate of ρ  in the first L  periods 

immediately after time period T and then decay at a 

rate of θ  . Hence, the market share of 
i

V  in period n  

can be expressed as Eq. (6). 

1 1

1 1 1 2 2 1

1 1 1 2 2 1

1 1 1 2 2

(1 ) (1 )                                        ,  

(1 ) (1 ) (1 )                        ,  
( , )

(1 ) (1 ) (1 )                          ,

T n

L T L n

T n n L

n L T L

n L T L
n T

n L

φ θ ω ρ ω ρ

φ θ θ ω ρ ω ρ
λ

φ θ ω ρ ω ρ θ

−

−

+ + + ≤ ≤

+ − + + ≤ >
=

+ + + − >

1 1

1

1 1 1 2 2 1

 

(1 ) (1 ) (1 ) (1 )          ,  
L T L L n L

T L

n L T Lφ θ θ ω ρ ω ρ θ− −

⎧
⎪
⎪
⎨

≤⎪
⎪ + − + + − > >⎩ (6)

 

The knowledge adopted by 
i

V  in time period T  was 

updated by Tβ , which reduced the marginal cost in 

time period T  to T
MCβ . As shown in Eq. (1), 

T
MCβ can be expressed as 

1 1 2 2
( T T

MC ω β ω β+

 

1 2
+ ).T Tσ β β−  Renumbering the periods after 

knowledge transfer as n  starting from 1 to N , the 

marginal cost in period n  becomes 

1 1 2 2 1 2
( + )T T T T n

MC ω β ω β σ β β α+ − . Hence, the total 

production cost in period n  after knowledge transfer 

is
1 1 2 2 1 2

( , ) ( + )T T T T n
Q n T MCλ ω β ω β σ β β α+ − . By 

subtracting the total production cost from the sales 

revenue ( , )pQ n Tλ , the profit in time period n  after 

knowledge transfer is expressed as Eq. (7). 

 

*

1 1 2 2

1 2

( , ) ( , ) (

+ )

T T

T T n

pQ n T Q n T MCλ λ ω β ω β

σ β β α

Π = − +

−

 (7) 

After discounting the profits in time period n  to the 

starting point by multiplying Eq. (7) with 
T n
r r  and 

summing all the discounted profits in period N , the 

DEP after knowledge transfer becomes 

 
1

1 1 2 2 1 2

( ) ( ( , ) ( , )

( + ) )

N

T

n

T T T T n n

T r pQ n T Q n T

MC r

ξ λ λ

ω β ω β σ β β α

=

= −

+ −

∑  (8) 

Using Eqs. (6) and (8), the expected profits after 

knowledge transfer can be expressed as Eq. (9). 
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4.5 Total DEP Model 

The optimization problem will be to find the 

maximum of ( ) ( ) ( )T T K Tζ ξ+ −  to the given 

parameters. Therefore, the optimization model of 

different knowledge structures can be expressed as 

Eq.(10). 

 max ( ) max( ( ) ( ) ( ))T T T K Tψ ζ ξ= + −  (10) 

5 Simulation Experiments and Results 

5.1 Model Solution and Parameter Setting 

Eq. (10) shows that ( )Tψ  is a piecewise continuous 

differential function of .T  Therefore, ( )Tψ  can reach 

its maximum in a closed interval 1 ,T N≤ ≤  and the 

maximum profit in the life cycle of the product can be 

found. Matlab 7.0 is used to compile a program, and 

simulation experiments can be conducted by adjusting 

the model’s parameters. 

To simulate knowledge transfer in the big data 

environment, some parameters are chosen for testing. 

To compare the simulation results in Ref. [10], the 

values of the same parameters are the same while the 

new parameters are set to new values. The parameters 

are set as follows: the total product sales 1000Q= ; 

the relative value of price per unit product 60p= ; the 

market share of 
i

V  in the starting period 8%φ = ; the 

growth rates of total market volume in the first 

1 1
( =3)L L  periods 

1
3%θ = ; the natural attenuation rate 

of market volume in the other periods 3%θ = ; the 

growth rate of two types of knowledge to the market 

share in the first 5L =  periods immediately after 

knowledge transfer 
1 2

6%, 8%ρ ρ= = ; the marginal 

cost in the starting period 40MC= ; the fixed transfer 

cost of private knowledge 
1

300k = ; the fixed transfer 

cost of big data knowledge 
2

80k = ; the coefficient of 

the variable cost 1000F = ; the knowledge absorption 

capacity 95%α = ; the update rate of private 

knowledge 
1

88%β = ; the update rate of big data 

knowledge 
2

84%β = ; and the life cycle of the product 

10N = . Assuming the market is risk-neutral and the 

discount rate is 10%, then 1/(1 10%) 0.9r = + ≈ . 

5.2 Simulation and Validation When the 

Influence Coefficient 0σ =  

(1) When 0σ = , private knowledge and big data 

knowledge are independent. Under this circumstance, 

there is no mutual influence between the two types of 

knowledge, and only the weights will affect the 

knowledge structure and the efficiency of knowledge 

transfer. To compare with previous research, let 

2
88%β = and set all the other parameters except 

1 2
,ω ω  to the same values as described in the previous 

section. The experimental results are the same as in 

Ref. [10], which suggested that the model is valid. 

(2) Let 0σ =  and 
2

84%β = ; this indicates that the 

update rate of big data knowledge is enhanced. Table 2, 

Table 3, Figure 2 and Figure 3 show the changes of 

total DEP and transfer cost for various levels of 
1 2
,ω ω  

when 0σ = , 
2

84%β = . 
2

0ω =  is used to express 

1 2
1, 0ω ω= = , 

2
0.1ω =  to express 

1 2
0.9, 0.1ω ω= = , 

and so on. When enhancing the update rate of big data 

knowledge, the total DEP increases with the weight of 

big data knowledge, and the transfer cost decline with 

the weight of big data knowledge. Because the greater 

proportion of higher-efficiency knowledge can help 

enterprises to increase sales and trim costs. The 

experimental results of the simulation are in 

accordance with the actual economic situation, which 

suggests that the model is valid. 

Table 2. Total DEP with different weights of two types of knowledge when 0, 84%σ β= =  

Period 1 2 3 4 5 6 7 8 9 10 weight 

DEP 18048 20070  21775  22136 22304 22341 22294  22196  22068  21927 ω1=1 ω2=0 

DEP 18253 20313  22035  22386 22535 22551 22481  22359  22211  22051 ω1=0.9 ω2=0.1 

DEP 18460 20558  22298  22638 22769 22762 22669  22525  22355  22176 ω1=0.8 ω2=0.2 

DEP 18669 20805  22563  22893 23005 22975 22859  22692  22501  22302 ω1=0.7 ω2=0.3 

DEP 18879 21054  22831  23150 23243 23191 23050  22861  22648  22429 ω1=0.6 ω2=0.4 

DEP 19091 21305  23102  23409 23483 23408 23244  23031  22796  22558 ω1=0.5 ω2=0.5 

DEP 19305 21559  23375  23671 23726 23628 23439  23203  22946  22688 ω1=0.4 ω2=0.6 

DEP 19520 21815  23650  23936 23971 23850 23637  23376  23097  22819 ω1=0.3 ω2=0.7 

DEP 19737 22074  23928  24203 24219 24074 23836  23551  23250  22951 ω1=0.2 ω2=0.8 

DEP 19956 22334  24209  24473 24468 24300 24037  23728  23404  23084 ω1=0 ω2=1 
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Table 3. Transfer cost with different weights of two types of knowledge when 0, 84%σ β= =  

Period 1 2 3 4 5 6 7 8 9 10 weight 

Cost 333 347 347 338 322 303 282 260 238 216 ω1=1 ω2=0 

Cost 317 335 337 330 316 298 277 255 233 212 ω1=0.9 ω2=0.1 

Cost 301 322 328 322 309 292 272 251 229 208 ω1=0.8 ω2=0.2 

Cost 284 310 318 315 303 286 267 246 225 204 ω1=0.7 ω2=0.3 

Cost 268 298 309 307 296 281 262 241 220 200 ω1=0.6 ω2=0.4 

Cost 252 286 299 299 290 275 257 237 216 196 ω1=0.5 ω2=0.5 

Cost 236 273 290 291 283 269 251 232 212 192 ω1=0.4 ω2=0.6 

Cost 220 261 280 283 277 264 246 227 207 188 ω1=0.3 ω2=0.7 

Cost 203 249 270 276 270 258 241 223 203 184 ω1=0.2 ω2=0.8 

Cost 187 237 261 268 264 252 236 218 199 180 ω1=0 ω2=1 

 

  

Figure 2. Changes of total DEP when 0, 84%σ β= =  Figure 3. Changes of transfer cost when 0, 84%σ β= =

 

5.3 Simulation When the Influence Coefficient 

0σ >  

(1) When 0σ > , the relationship between big data 

knowledge and private knowledge is either competitive 

or alternative. When 0.5σ = , there is negative 

influence between big data knowledge and private 

knowledge, and the influence coefficient is 0.5. To 

determine the effect of knowledge structure on the 

DEP and transfer cost, all the other parameters are set 

with the same values except for the weights of the two 

types of knowledge 
1 2
,ω ω , which vary from 

1 2
0.9, 0.1ω ω= =  to 

1 2
0.1, 0.9ω ω= = . Table 4, Table 

5, Figure 4 and Figure 5 show the changes of total DEP 

and transfer cost with 
1 2
,ω ω  when 0.5σ = . Compared 

with an influence coefficient of 0σ = , total DEP and 

transfer cost decline. The reason is that the competition 

and alternativity between the two types of knowledge 

will hinder knowledge transfer for both types of 

knowledge. The greater the mutual influence between 

two types of competitive or alternative knowledge, the 

less knowledge is transferred, and the transfer costs 

decline with the profits. 

(2) To find the influence of the knowledge structure 

on the efficiency of knowledge transfer when two 

types of knowledge are competitive or alternative, all 

the parameters are set with the same values except for 

the influence coefficient, which changes from 0.8σ =  

to 1.5σ = . Figure 6 and Figure 7 show that total DEP 

changes with the influence coefficient and the weights 

of two types of knowledge. The results indicate that the 

greater the influence coefficient, the smaller the total 

DEP; however, the total DEP increase with the weight 

of big data knowledge at the same influence coefficient. 

The reason is that the greater the mutual influence 

between two types of competitive or alternative 

knowledge, the less knowledge is transferred. At the 

same degree of mutual influence, big data knowledge 

can help enterprises to guide decisions, trim costs, and 

increase sales. The profits will increase and the transfer 

cost will decline with the weight of the big data 

knowledge. 

Additionally, Figure 7 shows that the influence 

coefficient can be greater than 1. If the influence 

coefficient of big data knowledge and private 

knowledge is greater than 1, the degree of influence 

between the two types of knowledge is above the 

average influence level. 

5.4 Simulation and Validation When the 

Influence Coefficient 0σ <  

When 0σ < , big data knowledge and private 

knowledge are complementary. When 0.8σ = − , there 

is positive influence between big data knowledge and 

private knowledge, and the influence coefficient is 0.8. 

To determine the effect of the knowledge structure on   
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Table 4. Total DEP with different weights of two types of knowledge when 0.5σ =  

Period 1 2 3 4 5 6 7 8 9 10 weight 

DEP 17939 19811 21434 21785 21972 22043 22037 21979 21890 21783 ω1=0.9 ω2=0.1 

DEP 18144 20052 21693 22033 22201 22251 22222 22142 22032 21906 ω1=0.8 ω2=0.2 

DEP 18350 20296 21954 22283 22433 22461 22409 22306 22175 22030 ω1=0.7 ω2=0.3 

DEP 18558 20541 22217 22536 22667 22673 22597 22472 22320 22156 ω1=0.6 ω2=0.4 

DEP 18768 20789 22483 22791 22904 22887 22788 22639 22466 22283 ω1=0.5 ω2=0.5 

DEP 18979 21039 22752 23049 23142 23103 22980 22809 22613 22410 ω1=0.4 ω2=0.6 

DEP 19192 21292 23023 23309 23383 23321 23174 22979 22762 22539 ω1=0.3 ω2=0.7 

DEP 19407 21547 23297 23572 23627 23541 23370 23152 22912 22669 ω1=0.2 ω2=0.8 

DEP 19624 21804 23573 23837 23873 23763 23568 23326 23064 22801 ω1=0.1 ω2=0.9 

Table 5. Transfer cost with different weights of two types of knowledge when 0.5σ =  

Period 1 2 3 4 5 6 7 8 9 10 weight 

Cost 299 307 305 297 284 268 250 231 212 194 ω1=0.9 ω2=0.1 

Cost 283 294 295 289 277 262 245 227 208 190 ω1=0.8 ω2=0.2 

Cost 266 282 286 281 271 256 240 222 204 186 ω1=0.7 ω2=0.3 

Cost 250 270 276 273 264 251 235 217 200 182 ω1=0.6 ω2=0.4 

Cost 234 258 267 266 257 245 229 213 195 178 ω1=0.5 ω2=0.5 

Cost 218 245 257 258 251 239 224 208 191 174 ω1=0.4 ω2=0.6 

Cost 202 233 248 250 244 233 219 203 187 170 ω1=0.3 ω2=0.7 

Cost 185 221 238 242 238 228 214 199 182 166 ω1=0.2 ω2=0.8 

Cost 169 209 228 235 231 222 209 194 178 162 ω1=0.1 ω2=0.9 

 

  

Figure 4. Changes of total DEP when
1 2
,ω ω , 0.5σ =  Figure 5. Changes of transfer cost when

1 2
,ω ω , 0.5σ =  

 

  

Figure 6. Changes of total DEP when
1 2
,ω ω , 0.8σ =  Figure 7. Changes of total DEP when

1 2
,ω ω , 1.5σ =  

 
the DEP and transfer cost, all the other parameters are 

set with the same values except the weights of the two 

types of knowledge 
1 2
,ω ω , which vary from 

1 2
0.9, 0.1ω ω= =  to 

1 2
0.1, 0.9ω ω= = , and so on. 

Table 6, Table 7, Figure 8 and Figure 9 show the 

changes of total DEP and transfer cost with 
1 2
,ω ω  

when 0.8σ = − . 

Compared to the influence coefficient 0σ = , total 

DEP and transfer cost are higher. The reason is that the 

complementary relationship between the two types of 
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knowledge is conducive to knowledge transfer. The 

greater the mutual influence between two types of 

complementary knowledge, the more knowledge is 

transferred, and the transfer costs increase with the 

profits. 

Compared to the influence coefficient 0σ < , the 

growth of total DEP when 0.8σ = −  is much greater 

than the absolute value of the decline of the total DEP 

when 0.5σ = . That means the degree of influence of 

the knowledge structure is only related to the absolute 

value of the influence coefficient. By enhancing the 

weight of big data knowledge, the total DEP will 

increase, and the transfer cost will decline. The 

experimental results of the simulation are in 

accordance with the actual economic situation.  

Table 6. Total DEP with different weights of two types of knowledge when 0.8σ = −  

Period 1 2 3 4 5 6 7 8 9 10 weight 

DEP 18756 21116  22997  23348 23437 23362 23191  22968  22725  22479 ω1=0.9 ω2=0.1 

DEP 18967 21366  23267  23607 23677 23579 23384  23138  22873  22607 ω1=0.8 ω2=0.2 

DEP 19179 21619  23539  23868 23919 23798 23579  23309  23022  22737 ω1=0.7 ω2=0.3 

DEP 19393 21874  23814  24132 24164 24019 23776  23482  23173  22867 ω1=0.6 ω2=0.4 

DEP 19608 22131  24091  24399 24410 24243 23974  23657  23325  22999 ω1=0.5 ω2=0.5 

DEP 19826 22391  24371  24667 24660 24468 24175  23833  23478  23131 ω1=0.4 ω2=0.6 

DEP 20045 22653  24653  24939 24911 24696 24377  24011  23633  23266 ω1=0.3 ω2=0.7 

DEP 20265 22917  24938  25213 25165 24926 24582  24191  23790  23401 ω1=0.2 ω2=0.8 

DEP 20488 23184  25226  25490 25422 25158 24788  24372  23947  23537 ω1=0.1 ω2=0.9 

Table 7. Transfer cost with different weights of two types of knowledge when 0.8σ = −  

Period 1 2 3 4 5 6 7 8 9 10 weight 

Cost 346 379 389 383 368 346 320 294 267 241 ω1=0.9 ω2=0.1 

Cost 329 367 380 376 361 340 315 289 263 237 ω1=0.8 ω2=0.2 

Cost 313 355 370 368 355 334 310 284 258 233 ω1=0.7 ω2=0.3 

Cost 297 342 360 360 348 329 305 280 254 229 ω1=0.6 ω2=0.4 

Cost 281 330 351 352 342 323 300 275 250 225 ω1=0.5 ω2=0.5 

Cost 265 318 341 345 335 317 295 270 245 221 ω1=0.4 ω2=0.6 

Cost 248 306 332 337 329 312 290 266 241 217 ω1=0.3 ω2=0.7 

Cost 232 293 322 329 322 306 285 261 237 213 ω1=0.2 ω2=0.8 

Cost 216 281 313 321 315 300 280 256 232 209 ω1=0.1 ω2=0.9 

 

  

Figure 8. Changes of total DEP when
1 2
,ω ω , 0.8σ = − Figure 9. Changes of transfer cost when

1 2
,ω ω , 0.8σ = −  

6 Conclusion 

This paper analyzes the knowledge structure and its 

impact on knowledge transfer in the big data 

environment. With the advent of the big data era, big 

data knowledge and private knowledge have become 

two dominant types of knowledge that an enterprise 

needs for product innovation. Based on the analysis of 

the relationships and the mutual influence between big 

data knowledge and private knowledge, a decision 

model of knowledge transfer that can take into 

consideration the influence of various knowledge 

structures on the efficiency of knowledge transfer is 

presented. Simulation experiments have been 

developed for different influence coefficients and 

knowledge weights. The experimental results are 

consistent with those of previous studies and the actual 

economic situation, which suggests that the model is 

valid. It can provide decision-making support for 

enterprises to determine the allocation of knowledge 

structures in the big data environment. 
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