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Abstract:  

In order to improve the training quality of technical and skilled talents, this paper combines big data 

technology and machine learning technology to study the training of skilled talents, proposes corresponding 

data mining algorithms based on the characteristics of technical talents data, and combines machine learning 

algorithms to improve the data processing process. Moreover, this paper combines the improved algorithm to 

construct technical and skilled talents training and evaluation model, analyzes the system structure 

framework and basic logical structure, and obtains the system function structure. After building an intelligent 

system, this paper explores the actual effects of the training model of technical and skilled talents based on 

big data and machine learning. Finally, this paper combines simulation experiments to verify the system 

separately. Through data analysis, it can be known that the method and system proposed in this paper have a 

certain feasibility. 
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1 INTRODUCTION 

The rapid development of science and technology has led to a drastic change in the technological basis of 

modern production. At this time, a new group of industries is growing rapidly, and its proportion in the gross 

national product continues to rise. At the same time, due to its penetration and influence, many traditional 

industries have been reborn and developed. Moreover, changes in the industrial structure have brought about a 

series of chain reactions and major changes in the labor employment structure, regional economic structure, 

production organization and social structure, and even international economic relations [1]. This kind of basic 

technology that has caused a sharp change in contemporary production is high and new technology. The 

collection of enterprises based on high and new technology and engaged in the research, development, 

production and technical services of one or more high and new technologies and their products is a high-tech 

industry. The key technologies possessed by this industry are often difficult to develop, but once they are 

successfully developed, they have higher economic and social benefits [2]. With the advent of international 

economic globalization and the knowledge economy, high-tech industries are developing vigorously all over the 

world, and their development has become the focus of attention and competition among countries all over the 

world. The economic competitiveness of a country depends to a large extent on the ability and level of high 

technology and its industrialization. The competition of high and new technology seems to be the competition of 

products, labor services, and technology in form, but in essence it is the competition of human capital, especially 

the competition of high-tech talents with high technology [3]. 

This article combines big data technology and machine learning technology to study the training of skilled 

talents, and proposes a scientific talent training system to provide references for subsequent training of skilled 

talents. 

2 RELATED WORK 

The shortage of skilled personnel is an issue of great concern to all sectors of society. The academic community 

has also put forward many constructive methods on how to increase the training of highly skilled personnel. The 

literature [4] proposed that the society’s misplaced evaluation of the value of high-skilled talents is the root 

cause of their shortage. The literature [5] put forward suggestions on how to reduce the supply and demand of 

high-skilled talents to develop high-skilled human resources, such as establishing modern enterprise education 

and giving full play to the role of the main body of the enterprise. The literature [6] pointed out that compared 

with the cost of "one-off" academic education, the cost of developing high-skilled talents is higher, which is also 

one of the main reasons why most companies are unwilling to conduct employee training. The literature [8] 
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pointed out that one of the main reasons leading to the shortage of high-skilled talents is people's outdated 

concepts and the high risk of dedicated human capital investment. The literature [9] believed that people's 

emphasis on academic qualifications and negligence of skills, poor remuneration for technical talents and other 

reasons are the fuse that caused the shortage of high-skilled talents. In summary, the shortage of high-skilled 

talents in China is mainly due to people's outdated ideas and the relatively high investment cost of high-skilled 

talents. 

Literature [10] proposes that high-skilled talents are technicians and high-skilled workers who serve the 

production and service industries. The tasks they have to complete are highly complex and highly technical. 

These highly skilled personnel have mastered a relatively high theoretical basis and possess proficient operating 

skills. Literature [11] believes that only human resources who have mastered advanced operating skills and 

technology, can perform creative work, and make positive contributions to spiritual civilization and material 

civilization are highly skilled talents. Literature [12] believes that high-skilled talents are high-quality laborers 

who can complete key and highly difficult actions that are difficult for intermediate-skilled talents, and also 

possess theoretical knowledge and practical ability, and have innovative capabilities and can operate modern 

equipment. Literature [13] believes that the concept of high-skilled talents is broad and comprehensive, and that 

high-skilled talents are creative talents with comprehensive qualities. Literature [14] refers to those who have 

obtained the professional certification and corresponding ranks of senior workers, technicians and senior 

technicians in the front line of production and service as high-skilled talents. These personnel can solve key 

operation techniques and master specialized operation skills and knowledge theories. 

The literature [15] shows that "accidents" can cause talents to gather. The core idea of the theory is that the 

centripetal force generated by the interaction between transportation costs, increasing returns, and the flow of 

factors is a model that causes the accumulation of talents and industries. The key to this model is to maintain a 

high degree of flexibility and sensitivity in the level of income in the flow of talents. Literature [16] believes 

that enterprises or companies are clustered in connected or unconnected departments. Literature [17] analyzes 

the externality of knowledge external economy, production cost, and transaction cost, and elaborates the 

horizontal talent gathering mode of external economy and knowledge sharing. This is the knowledge sharing 

and knowledge sharing under the premise of talent gathering. The core of knowledge externalization. The 

literature [18] shows that the important explanatory variable of vertical talent accumulation is transaction cost. 

He proposed that under the premise of the interaction of information cost, transfer cost, transaction cost, etc., the 

theoretical basis of vertical talent gathering is information cost and transaction cost. Literature [19] has done 

research on the vertical talent gathering mode, and believes that high-tech will form a strong radiation force for 

talent gathering, and the vertical talent gathering mode can be derived from the structure of transaction activities 

in the production process. Literature [20] believes that the power of talent gathering is affected by five factors, 

namely, the number of opportunities, the imitation of employers, the ability of employers to recognize and select 

talents, the status of intermediaries and economic agents, and the space for future improvement. . The literature 

[21] pointed out that the main centripetal force of talent gathering includes various factors such as the 

#l-department scale economy, knowledge spillover effect and so on. 

3 TALENT TRAINING QUALITY ANALYSIS ALGORITHM BASED ON BIG DATA AND MACHINE 

LEARNING 

First, a constructive covering algorithm is proposed. Based on the M-P neuron model, a rule based on domain 

coverage is derived. This method has the advantages of high recognition rate and fast calculation speed. 

The main process of the coverage algorithm is: The algorithm is given an input skill talent sample set 𝐾 =

{𝑥1, 𝑥2, . . . , 𝑥𝑘, 𝑥𝑙 ∈ 𝑅𝑛} (K is a point set of n-dimensional Euclidean space), suppose K is divided into s 

subsets 𝐾1 = {𝑥1, 𝑥2, . . . , 𝑥𝑚(1)} ,...,𝐾𝑠 = {𝑥𝑚(𝑠−1)+2, 𝑥𝑚(𝑠−1)+2, . . . , 𝑥𝑘} , and the output of the skill talent 

sample points belonging to 𝐾𝑖 are all 𝑦𝑖 . Among them, 𝑦𝑖 = (0, . . . ,1,0, . . . ,0) (that is, the vector in which the 

i-th component is 1, and the remaining components are О), i=1, 2,..., s, that is, there are s cases in which the 

output of each skilled talent sample. According to the following process, the spherical domain coverage of the 

i-th skill talent sample K' is constructed: the skill talent sample point 𝑥𝑖 ∈ 𝐾𝑖 that has not been covered in the 

skill talent sample set is randomly taken out. 
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𝑑1 = 𝑚𝑎𝑥{< 𝑥, 𝑥
𝑖 >} , 𝑥 ∉ 𝑋𝑖 (1) 

𝑑2 = 𝑚𝑖𝑛{< 𝑥, 𝑥
𝑖 > | < 𝑥, 𝑥𝑖 >> 𝑑1} , 𝑥 ∉ 𝑋

𝑖 (2) 

𝑟 = (𝑑1 + 𝑑2)/2 (3) 

Among them, 𝑑1 represents the distance between the center of the current class 𝑥𝑖 and the nearest sample 

point of skilled talents in different classes, and 𝑑2 represents the distance between the center of the current 

class and the farthest sample point of skilled talents in the same class when the distance is small 𝑑1. < 𝑥, 𝑥𝑖 > 

represents the inner product of the vectors x and 𝑥𝑗, and r is used as the radius to construct the spherical domain 

coverage. Then, the center of gravity of all skilled talent samples in the coverage is solved. After that, we take 

this center of gravity as the class center and reconstruct the coverage area according to the operations in 

operations (1), (2), and (3) until the new coverage cannot cover more skilled talent sample points. Then, we 

perform a translation operation on the coverage center, and continue to repeat the operations in (1) (2) (3) to 

reconstruct the coverage area. Similarly, until the new coverage cannot cover more skilled talent sample points, 

the spherical domain coverage of K' is obtained. Among them, the specific translation algorithm refers to the 

literature. The above method is repeated to obtain the coverage set of all fields of the sample set of skilled 

talents. 

It is known that the user set is 𝑈 = {𝑢1, 𝑢2, . . . , 𝑢𝑚}, the service set is 𝑆 = {𝑠1, 𝑠2, . . . , 𝑠𝑛 }, the target user is u, 

and the target service is s.  

(1) The specific steps of the user-based recommendation method are as follows: 

Step 1. User v and target user u have selected the same service, and the similarity Sim(u,v) between target 

user u and user v is calculated by PCC. The calculation formula is as follows: 

𝑆𝑖𝑚(𝑢, 𝑣) =
∑ (𝑅𝑢,𝑠−𝑅𝑢)(𝑅𝑣, 𝑠−𝑅𝑣)𝑠∈𝑆𝑢,𝑣

√∑ (𝑅𝑢,𝑠−𝑅𝑢)
2

𝑠∈𝑆𝑢,𝑣
√∑ (𝑅𝑣, 𝑠−𝑅𝑣)

2
𝑠∈𝑆𝑢,𝑣

 (4) 

Among them, 𝑆𝑢,𝑣 represents the set of services jointly called by user u and user v, 𝑅𝑢,𝑠/𝑅𝑣,𝑠 respectively 

represents the evaluation value of user u/v on service s, and 𝑅𝑢/𝑅𝑣 represents the average value of user u/v’s 

evaluation value of all services called respectively. 

Step 2. Based on the similarity information between users calculated in Step 1, the algorithm selects the first k 

users to form the target user's similar user set S(u); 

Step 3. After obtaining the similar user set Su) of the target user through Step 2, the collaborative filtering 

recommendation method based on similar users predicts the QoS value of the target user missing in the 

user-service matrix. The prediction formula is as follows: 

𝑃𝑢(𝑢, 𝑠) = 𝑅𝑢 +
∑ 𝑆𝑖𝑚(𝑢,𝑣)(𝑅𝑣,𝑠−𝑅𝑣)𝑣∈𝑆(𝑢)

∑ 𝑆𝑖𝑚(𝑢,𝑣)𝑣∈𝑆(𝑢)
 (5) 

Step 4. After predicting the evaluation value in Step 3, the algorithm selects the service with the best evaluation 

value to recommend to the target user, and finally completes the high-quality service recommendation that 

meets the user's needs.  

(2) The specific steps of the service-based recommendation method are as follows: 

Step 1. Service i and service j have been called by the same user. The similarity Sim(i,j) between the service 

owner and service j is calculated by PCC. The calculation formula is as follows: 

𝑆𝑖𝑚(𝑖, 𝑗) =
∑ (𝑅𝑅𝑖𝑢,𝑖()(𝑅𝑢,𝑗−𝑅𝑗))
∑
𝑢∈𝑈𝑖,𝑗

√∑ (𝑅𝑅𝑖𝑢,𝑗()
2)

∑
𝑢∈𝑈𝑖,𝑗

√∑ (𝑅𝑢,𝑗−𝑅𝑗)
2

𝑢∈𝑈𝑖,𝑗

 (6) 

Among them, 𝑈𝑖,𝑗 represents the set of users who have called service i and service j at the same time, and 

𝑅𝑖/𝑅𝑗 respectively represents the average value of the evaluation values of all users who have called service 
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visit i/j. 

Step 2. Based on the similarity information between services calculated in Step 1, the algorithm selects the first 

k services to form the similar service set si) of the target service: 

Step 3. After obtaining the similar service set Si of the target service through Step 2, the collaborative filtering 

recommendation method based on similar services predicts the evaluation value of the target service missing in 

the user-service matrix. The prediction formula is as follows: 

𝑃𝑖 (𝑢, 𝑖()𝑅𝑖
∑ 𝑆𝑖𝑚(𝑖,𝑗)(𝑅𝑢,𝑗−𝑅𝑗)𝑗∈𝑆(𝑖)

∑ 𝑆𝑖𝑚(𝑖,𝑗)𝑗∈𝑆(𝑖)
) (7) 

Step 4: After the evaluation value prediction in Step 3, the service with the best evaluation value is selected and 

recommended to the target user, and the high-quality service recommendation that finally meets the user's needs 

is completed. 

(3) The specific steps of the recommended method of mixing are as follows: 

In order to make full use of the information of similar users and similar services, and alleviate the data sparsity 

problem of the user-service matrix, researchers have proposed a hybrid recommendation method. It uses the 

mixing factor a to integrate the user-based recommendation method and the service-based recommendation 

method, and the prediction formula is as follows:  

𝑃(𝑢, 𝑖) = 𝜆 ⋅ 𝑃𝑢(𝑢, 𝑖) + (1 − 𝜆) ⋅ 𝑃𝑖(𝑢, 𝑖)   (8) 

Among them, the value range of the mixing factor 𝜆 is [0,1], and the mixing factor 𝜆 can make the prediction 

adapt to different environments. 

In this paper, we mainly choose 6 standard indicators to measure the performance of the clustering algorithm: (1) 

Davies-bouldins index (DBI); (2) Dunn validity index (DVI); (3) Normalized mutual information (NM); (4) 

Clustering loss function; (5) Silhouette index (SI); (6) SD index (SDI). 6 kinds of index calculation formulas are 

as follows:  

𝐷𝐵𝐼 =
1

𝑘
∑

𝑗=1

𝑚𝑎𝑥(
𝐶𝑖+𝐶𝑗

‖𝜔𝑖−𝜔𝑗‖2

)
𝑘∑
𝑖=1  (9) 

𝐷𝑉𝐼 =

𝑚𝑖𝑛
0<𝑚≠𝑛≥𝑘

{ 𝑚𝑖𝑛
∀𝑥𝑖∈𝛺𝑚,𝑥𝑗∈𝛺𝑛

{‖𝑥𝑖−𝑥𝑗‖}}

𝑚𝑖𝑛
0<𝑚≤𝑘

{ 𝑚𝑖𝑛
∀𝑥𝑖,𝑥𝑗∈𝛺𝑚

{‖𝑥𝑖−𝑥𝑗‖}}

 (10) 

𝑁𝑀𝐼 = 𝐼 (𝑋, 𝑌()√𝐻(𝑋)𝐻(𝑌)) (11) 

𝜙𝑌(𝐶) = ∑ 𝑑2(𝑥, 𝐶)𝑥∈𝐷 = ∑ 𝑚𝑖𝑛
𝑖=1,2,...,𝑘

‖𝑥 − 𝑐𝑖‖𝑥∈𝐷  (12) 

𝑆𝐼 = ∑
𝑏(𝑖)−𝑎(𝑖)

𝑚𝑎𝑥{𝑎(𝑖),𝑏(𝑖)}0<𝑖≤𝑘  (13) 

𝑆𝐷𝐼(𝑘) = 𝑎. 𝑆𝑐𝑎𝑡𝑡(𝑘) + 𝐷𝑜𝑠(𝑘) (14) 

When, 

𝑆𝑐𝑎𝑡𝑡(𝑘) =
1

𝑘
∑

‖𝜎(𝑣𝑖)‖

‖𝜎(𝐷)‖0<𝑖≤𝑘 , 𝐷𝑖𝑠(𝑘) =
𝐷𝑚𝑎𝑥

𝐷𝑚𝑖𝑛∑ [∑ ‖𝑣𝑖−𝑣𝑗‖0<𝑗≤𝑘 ]
−1

0<𝑗≤𝑘

 (15) 

Among them, k represents the number of categories. In DBI, 𝐶𝑖 represents the average distance from each point 

in the i-th cluster to the cluster center, and ‖𝜔𝑖 − 𝜔𝑗‖ represents the distance between the two cluster centers of 

cluster i and cluster j. The value interval of the SI indicator is [-1,1]. SDI is based on the average scattering of 

the clusters and the total separation of the clusters 

(1) Test skill talent data set 
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In order to fully verify the effectiveness of the C-K-means algorithm, this paper selects 7 skilled talent data sets 

for data simulation experiment verification, as shown in Table 1. 

Table 1 Description of 7 Skilled Talent Data Sets  

The name of the skill talent 

dataset 

Number of 

attributes 

Number of skilled talent 

samples 

Number of categories 

(k) 

Iris 4 150 3 

Wine 13 178 3 

Abalone 8 4,177 29 

GaussS 3 10,000 Unknown category 

PAM 57 4,601 Unknown category 

Cloud 10 1,024 Unknown category 

Individual household 7 2,049,280 Unknown category 

This article uses the maximum minimum standardization method, and the normalization formula is as follows:  

( )max

max min

max min
,

1,

j

i i

j jj

i i j

x x ori
if x x

x x x

otherwise

 −


= −

  (16) 

(2) Comparison algorithm  

The recommended framework proposed in this paper is mainly divided into 4 stages. 

1. Based on the historical data of user set U's evaluation of service S, the C-K-means algorithm proposed in this 

paper clusters users or services with similar QoS values into a cluster. After covering the clustering, the 

algorithm further performs granularity analysis on the clustering results to obtain the final clustering results, and 

obtains the user association matrix 𝑀𝑢 and the service association matrix 𝑀𝑠 by covering the clustering 

information. 

2. The algorithm selects the similar user set A(u) of the target user u and the similar service set A(s) of the 

service based on 𝑀𝑢 and 𝑀𝑠.  

3. The algorithm predicts the QoS value of the target user u for the service i based on A(u), that is, 𝑞𝑢,𝑖(𝑢). At 

the same time, the algorithm predicts the QoS value of the target user u for the web service i based on A(s), that 

is, 𝑞𝑢,𝑖(𝑠). Finally, the algorithm combines 𝑞𝑢,𝑖(𝑢) and 𝑞𝑢,𝑖(𝑠) to predict the QoS value of the target user for 

u to the web service i, that is, 𝑞𝑢,𝑗. 

4. Based on the size of Q, the algorithm recommends the Web service with the best QoS value to the target user.  

 

Figure 1 Recommendation framework based on C-K-means algorithm  

We first divide the users in U into a data set of user experience skill talents who have had QoS values under each 

individual Web service. For any web service icS, this method converts all users in U who have QoS values for 

web service i and their QoS values into IndexedRDD. The algorithm performs parallel overlay clustering on 
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IndexedRDD, and obtains preliminary clustering results, and then performs granularity analysis on the 

clustering results. If the cluster granularity is not appropriate after clustering, it will affect the accuracy of the 

prediction. Therefore, according to the split operation and aggregation operation in the granularity analysis 

method, the relationship between the clusters is adjusted to obtain the final clustering result close to the optimal 

value. It groups users with similar QoS values into one category. As shown in Figure 2, there are 4 services in 

total. In order to describe the clustering process more concisely and clearly, we experiment with the 

one-dimensional attribute of User Rating attribute. For example, in si, according to the QoS evaluation values of 

all users (users) on s, the algorithm performs coverage clustering on these users, and groups users with similar 

QoS evaluation values to s into one category, and obtains {unyu6,us}, { ue} and {u2, u4, u3,us, u}. After the 

coverage clustering is over, the algorithm combines with the granularity analysis to split the clusters with larger 

standard deviations and merge the similar clusters, as shown in Figure 3. 

 

Figure 2 User-based traditional coverage  
 

Figure 3 User coverage based on granular analysis 

Before clustering, the algorithm first initializes 𝑀𝑢. More, the initial value of all elements in 𝑀𝑢 is 0. After 

that, the algorithm performs a parallel coverage algorithm on the set of users 𝑈𝑠 who has called the service s. 

After the clustering is over, the algorithm performs granularity analysis, and updates the elements in M 

according to the results of the clustering that has undergone granularity analysis. Each coverage clustering needs 

to update the elements in the matrix in time. After all coverage clustering ends, the algorithm analyzes the 

coverage information obtained and generates 𝑀𝑢. Similarly, our method also clusters the QoS values of all the 

Web services that the user has called for each user. For any user, Web services with similar QoS values are 

grouped together. The specific process of the service-based parallel overlay clustering algorithm is similar to 

that of the parallel user-based overlay clustering algorithm, which also obtains 𝑀𝑆.  

In coverage clustering, 𝑢𝑖𝑗 represents the number of times that users 𝑢𝑖 and 𝑢𝑗 are clustered into the same 

coverage. After obtaining Mu, the algorithm then performs an ascending operation on the elements of each row 

in Mu, and selects the first k users to form the similar user set 𝐴(𝑢𝑖) of the target user u, and 𝐴(𝑢𝑖) =

{𝑢𝑎|𝑢𝑖𝑎 ≥ 𝑢𝑖𝑘 , 𝑢𝑖𝑎 > 0, 𝑎 > 0, 𝑢𝑎 ∈ 𝑈, 𝑢𝑖𝑘 ∈ 𝑀𝑢}.  

We use an example to explain the determination of the similar neighbor set A(u) of the target user. Equation 17 

gives a user incidence matrix model. We take user 𝑢9 in matrix 𝑀𝑢 as an example for analysis. When 

selecting similar users of user 𝑢9, we find that the priority relationship of other users relative to 𝑢9 is: 𝑢8 >

𝑢5 > 𝑢2, 𝑢4, 𝑢6 > 𝑢1, 𝑢3, 𝑢7. When selecting similar users based on their priorities, there are multiple ways to 

assign weights to different users. For example, we can assign a set of weights 𝑤1, 𝑤2, . . . , 𝑤9  to users 

𝑢1, 𝑢2, . . . , 𝑢8. Among them, 𝑢8 > 𝑢5 > 𝑢2, 𝑤4, 𝑤6 > 𝑤1, 𝑤3, 𝑤7, and ∑ 𝜔𝑖
𝑘
𝑖=1 = 1. C-K-means selects users 

who have been covered in the same coverage more frequently in the incidence matrix 𝑀𝑢 as candidates for 

similar neighbors. When it performs an ascending order operation on the number of times in each row of 𝑀𝑢, it 

sets Top-k=3, and obtains the similar user set of the target user according to the result of the ascending order. 

This article takes user 𝑢9 as an example. Similar user set 𝐴(𝑢9) = {𝑢8, 𝑢5, 𝑢2} uses user coverage information 

to select similar users and obtain effective similar users. This can reduce the impact of untrusted user 

information on prediction accuracy. 
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𝑀𝑢 =

[
 
 
 
 
 
 
 
 
0 0 0 0 0 1 0 1 0
0 0 3 1 1 2 0 0 1
0 3 0 2 0 0 0 0 0
0 1 2 0 1 0 2 1 1
0 1 0 1 0 1 0 2 2
1 2 0 0 1 0 3 0 1
0 0 0 2 0 3 0 1 0
1 0 0 1 2 0 1 0 3
0 1 0 1 2 1 0 3 0]

 
 
 
 
 
 
 
 

 (17) 

Contrary to finding A(u), the algorithm finding A(s) is to cover and cluster the Web services called by each 

different user. Therefore, after the coverage clustering is over, the algorithm performs an ascending operation on 

each row element in the matrix Ms, and selects the first k web services to form the similar service set 𝐴(𝑠𝑖) of 

the target service si, and 𝐴(𝑠𝑖) = {𝑠𝑏|𝑠𝑖𝑏 ≥ 𝑠𝑖𝑘 , 𝑠𝑖𝑏 > 0, 𝑏 > 0, 𝑠𝑏 ∈ 𝑆, 𝑠𝑖𝑘 ∈ 𝑀𝑠}. 

After determining 𝑘𝑢 users similar to the target user u (that is A(u)), the algorithm aggregates the QoS values 

they perceive on the Web service and predicts the missing QoS values of the target user for the Web service. 

That is, formula (18) is used as a user-based parallel coverage clustering method to predict the QoS value of 

user u for Web services s:  

𝑞𝑢𝑠(𝑢) =
∑ (𝑟𝑎𝑢(𝑡)×𝑛𝑎𝑢(𝑡))
𝑘𝑢
𝑡=1

𝑁𝑢
 (18) 

Similar to user-based parallel coverage clustering, after determining k services similar to the Web service (that is 

A(s)), aggregate the QoS values perceived by the user on the Web service, and predict the target user’s missing 

QoS for the Web service value. And it uses formula (19) as a service-based parallel coverage clustering method 

to predict the QoS value of user u for web service s:  

𝑞𝑢𝑠(𝑠) =
∑ (𝑟𝑎𝑠(𝑡)×𝑛𝑎𝑠(𝑡))
𝑘𝑢
𝑡=1

𝑁𝑠
 (19) 

Among them, 𝑎𝑠(𝑡) represents the service in A(s), 𝑟𝑎𝑠(𝑡) represents the QoS value of user u for similar service 

𝑎𝑠(𝑡), 𝑛𝑎𝑠(𝑡) represents the number of times that service s and its similar service 𝑎𝑠(𝑡) are clustered in the 

same coverage, and 𝑁𝑠 represents the total number of times that all services in service s and A(s) are clustered 

in the same coverage.  

In order to accurately predict the QoS value of users for Web services, and comprehensively explore the 

information of similar users and similar services, we combine the above two methods to predict the QoS of user 

u for service s. That is, formula (18) and formula (19) are combined to achieve more accurate prediction results 

through the fusion factor: 

𝑞𝑢𝑠 = 𝜆𝑞𝑢𝑠(𝑢) + (1 − 𝜆)𝑞𝑢𝑠(𝑠) (20) 

The parameter 𝜆 enables the prediction to be adapted to different environments. Among them, when 𝜆 = 1, the 

algorithm uses formula (18) to make predictions. When 𝜆 = 0, the algorithm uses formula (19) to make 

predictions. If the user u has not invoked any service, and the service s has not been invoked by any user, the 

average value of all service QoS values is used as the final QoS prediction value. We use formula (21) to 

summarize the above situation: 

𝑞𝑢𝑠 =

{
 

 
𝑞𝑢𝑠 = 𝜆𝑞𝑢𝑠(𝑢) + (1 − 𝜆)𝑞𝑢𝑠(𝑠), 𝐴(𝑢) ≠ 𝜙𝑎𝑛𝑑𝐴(𝑠) ≠ 𝜙

𝑞𝑢𝑠(𝑢), 𝐴(𝑢) ≠ 𝜙𝑎𝑛𝑑𝐴(𝑠) = 𝜙

𝑞𝑢𝑠(𝑢), 𝐴(𝑢) = 𝜙𝑎𝑛𝑑𝐴(𝑠) ≠ 𝜙

𝑛𝑢𝑙𝑙, 𝐴(𝑢) = 𝜙𝑎𝑛𝑑𝐴(𝑠) = 𝜙

  (21) 

The algorithm uses formula (21) to predict the service quality value, and then selects the service with the best 

QoS value and recommends it to the target user u to complete the entire service recommendation.  

4 INTELLIGENT TECHNICAL AND SKILLED TALENTS TRAINING QUALITY ASSESSMENT 

SYSTEM 

The system adopts multi-layer architecture design, which is divided into Web service layer, core service layer, 
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database layer and user interface layer. Among them, the core service layer can be subdivided into business 

appearance layer, business rules layer, data access layer, data entity layer and system configuration layer (Figure 

4). 

 

Figure 4 Hierarchical structure 

The structure is shown in Figure 5. 

 

Figure 5 Unified deployment 

To build a high-skilled personnel training mechanism, we must first clarify the formation process of high-skilled 

personnel and the factors that determine the work performance of high-skilled personnel. Based on the actual 

situation, this paper draws on the theory of competency and the formation mechanism of high-skills to formulate 

a general idea of the enterprise's high-skilled personnel training mechanism（ as shown in Figure 6）. 

 

Figure 6 High-skilled personnel training mechanism diagram 

This article establishes and completes the high-skilled personnel training and education mechanism, and 

combines the characteristics of technical and skilled talents to establish a "three-in-one" talent training and 
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education mechanism of "work-study alternation, school-enterprise cooperation, knowledge, skills, and ability 

quality". The specific content is shown in Figure 7. 

 

Figure 7 "Work-study alternation, school-enterprise cooperation, knowledge, skills, ability and quality 

three-in-one" training mechanism diagram 

After constructing the above intelligent system, this paper explores the actual effect of the training model of 

technical and skilled talents based on big data and machine learning. This article combines simulation 

experiments to evaluate the effects of four aspects: data mining of the training of technical and skilled talents, 

data recommendation of the training of technical and skilled talents, assessment of the training of technical and 

skilled talents, and evaluation of the training technology of technical and skilled talents. The results obtained are 

shown in Table 1 to Table 4. 

Table 1 Evaluation of the data mining effect of the technical and skilled talents training model 

Number Data mining Number Data mining Number Data mining Number Data mining 

1 96.85  11 96.87  21 96.58  31 94.70  

2 92.95  12 95.73  22 87.38  32 87.63  

3 93.22  13 90.32  23 87.69  33 92.01  

4 89.44  14 94.51  24 90.01  34 93.64  

5 86.10  15 88.09  25 93.46  35 86.91  

6 86.43  16 96.43  26 87.00  36 86.55  

7 93.85  17 90.26  27 92.31  37 90.13  

8 87.16  18 93.35  28 86.01  38 86.92  

9 90.77  19 96.75  29 86.85  39 91.05  

10 96.18  20 93.90  30 96.34  40 93.19  

 

Table 2 Evaluation of the data recommendation effect of the technical and skilled talents training model 

Numb

er 

Data 

recommendation 

Numb

er 

Data 

recommendation 

Numb

er 

Data 

recommendation 

Numb

er 

Data 

recommendation 

1 88.05  11 83.33  21 84.10  31 85.13  

2 92.04  12 85.22  22 91.45  32 83.45  

3 89.43  13 80.22  23 83.67  33 79.08  

4 82.13  14 85.83  24 88.13  34 91.02  

5 80.78  15 83.39  25 88.15  35 88.84  

6 79.11  16 86.19  26 92.31  36 92.74  

7 87.53  17 88.25  27 91.13  37 82.68  

8 81.97  18 87.35  28 92.22  38 82.90  

9 81.06  19 84.97  29 84.85  39 86.20  

10 88.02  20 81.55  30 80.28  40 85.64  
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Table 3 Talent assessment and evaluation of technical and skilled talents training model 

Numb

er 

Performance 

appraisal 

Numb

er 

Performance 

appraisal 

Numb

er 

Performance 

appraisal 

Numb

er 

Performance 

appraisal 

1 87.95  11 77.03  21 77.59  31 80.38  

2 75.53  12 82.72  22 87.08  32 70.41  

3 70.71  13 75.13  23 69.66  33 85.13  

4 81.90  14 87.69  24 80.77  34 87.27  

5 82.42  15 69.53  25 88.85  35 84.11  

6 72.33  16 69.10  26 88.45  36 78.47  

7 83.02  17 70.62  27 80.87  37 76.30  

8 79.64  18 76.81  28 88.27  38 79.78  

9 80.99  19 69.58  29 85.80  39 88.04  

10 80.51  20 77.81  30 78.16  40 75.98  

 

Table 4 Evaluation of the technical evaluation effect of the technical and skilled talents training model 

Numb

er 

Summary 

evaluation 

Numb

er 

Summary 

evaluation 

Numb

er 

Summary 

evaluation 

Numb

er 

Summary 

evaluation 

1 75.48  11 77.53  21 81.12  31 84.52  

2 81.35  12 86.99  22 71.52  32 73.05  

3 88.76  13 91.59  23 83.99  33 84.84  

4 84.27  14 87.63  24 77.90  34 81.75  

5 86.40  15 79.65  25 87.73  35 73.88  

6 73.63  16 80.85  26 74.25  36 90.73  

7 71.70  17 85.68  27 71.57  37 73.34  

8 87.17  18 75.08  28 91.15  38 74.64  

9 83.40  19 84.29  29 84.74  39 75.89  

10 88.83  20 89.85  30 90.45  40 73.97  

 

From the above research, we can see that the technical and skilled talents training model based on big data and 

machine learning proposed in this paper basically meets the current society's demand for technical talents. 

5 CONCLUSION 

Highly skilled personnel are representatives of high-quality laborers. Therefore, to do a good job in the 

construction of a high-skilled talent team is conducive to creating an atmosphere where "everyone can become a 

talent" among the workers on the front line of production and service. Moreover, it is conducive to guiding and 

motivating the majority of workers to become talents, and is conducive to driving the echelon development of 

skilled workers. It has extremely important practical significance for the realization of the in-depth development 

of human resources and the improvement of the overall quality of workers. In recent years, the phenomenon of 

many companies robbing technicians has repeatedly appeared in the newspapers, and there is endless news 

about high-paying recruitment but not high-skilled talents. These phenomena truly reflect the reality of a serious 

shortage of highly skilled personnel in our country. Therefore, how to strengthen the training of China's 

high-skilled talents and transform China's large number of low-quality labors into high-quality skilled talents 

has become a core issue of China's human resources development. Moreover, it has become a key issue for 

promoting full employment, promoting enterprise development, and realizing national economic revitalization. 

This article combines big data technology and machine learning technology to study the training of skilled 

talents, and proposes a scientific talent training system to provide references for subsequent training of skilled 

talents. 
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