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With the wide application of the Internet, the entrepreneurial resources of colleges and universities have grown at an exponential
rate. With the rapid accumulation of this information, it is di�cult for students to �nd what they are interested in from a large
amount of information. To accurately recommend innovation and entrepreneurship resources, this paper proposes a recom-
mendation algorithm based on user trust and a probability matrix. After obtaining the user trust data, the PMD (probability
matrix decomposition) algorithm is used to complete the trust matrix and normalize it to get the similarity matrix. At the same
time, the trust factor between users is added to the calculation process of the posterior probability, and the prediction score is
obtained by maximizing the posterior probability. On this basis, the weights of users in the group are normalized, and the
weighting strategy based on user interaction is used to integrate the preferences of group members to obtain the �nal rec-
ommendation results. When designing the recommendation system, the web system of the mainstream SSH2 framework is used
to design, and the B/S structure of the entrepreneurial resource recommendation system platform is realized. Experimental results
show that the proposed system has a higher recommendation quality compared with other recommended algorithms.

1. Introduction

At the end of 2014, the concept of mass entrepreneurship
and mass innovation was proposed for the �rst time [1].
Under the background of the era of “Internet +”, the in-
novation and entrepreneurship space, as the carrier of in-
novation and entrepreneurship services, conforms to the
development needs of the times [2]. Taking the Internet as an
important tool, the Internet platform and Internet tech-
nology provide technical support and environmental
guarantee for the innovation and entrepreneurship space.
Form a new ecological chain in the �eld of innovation and
entrepreneurship [3]. e innovation and entrepreneurship
space based on “Internet +” has a strategic impact on the
education ecosystem of universities and even the national
economic development system [4].

As the development goal of the innovation and entre-
preneurship space changes from quantitative growth to
quality improvement, innovation and entrepreneurship
space resources based on “Internet +” have become the
current hot spots in this �eld [5]. A large number of studies

have been conducted on the development strategy and
development model of innovation and entrepreneurship
space resources based on “Internet +”, but there is still a lack
of a uni�ed recommendation system for the recommen-
dation of innovation and entrepreneurship space resources
based on “Internet +” [6]. Based on this, we will build an
operable and enforceable innovation and entrepreneurship
space resource recommendation system based on “Internet
+.” It is of great signi�cance for guiding its development
direction, improving its management quality, and pro-
moting regional economic development.

To make the fusion results more charted, improve the
reliability and interpretability of the recommended results
[7]. In this paper, a group recommendation algorithm that
integrates user trust is proposed, and group fusion is carried
out considering the interaction relationship between users in
the group [8]. After obtaining the user trust data, the trust
vector and trusted vector of group members are trained, and
the mean of the trusted vector is used as the benchmark
vector [9]. e trust vector of each member is given the
corresponding weight by doing the dot product operation
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with it [10]. A list of recommendations is generated by
summing the normalized weight scores to obtain a group
score [11].

*is paper consists of six main parts: the first part is the
introduction, the second part is related work, the third part is
the proposed resource recommendation algorithm, the
fourth part is the university entrepreneurship resource
recommendation system based on SSH2, the fifth part is the
experiment and analysis, and the sixth part is the conclusion.

2. Related Work

2.1. "e Necessity of Innovation and Entrepreneurship Re-
sources in Colleges and Universities. With the spread of in-
formation technology, college students are increasingly
inclined to use online learning [12]. Universities and colleges
also use online tools to expand the learning resource library
of innovation and entrepreneurship to provide more
learning convenience for students. *e innovation and
entrepreneurship resource recommendation system in the
new era offers students with richer learning resources, and
different resources are updated in real-time, consistent with
the characteristics of the innovation and entrepreneurship
environment in the process of dynamic change [13].

*e construction of the recommendation system for
innovation and entrepreneurship resources in colleges and
universities should be based on the rules of unified planning,
and the software and hardware equipment in colleges and
universities should be configured according to the actual
educational needs [14]. In advocating the rational allocation
of educational resources and enhancing the effectiveness of
innovation and entrepreneurship education. *e construc-
tion of the resource recommendation system needs to follow
the development law of the times and cater to the learning
needs of college students. Innovation and entrepreneurship
are becoming important driving forces for national eco-
nomic development, and it is imperative to build a resource
recommendation system.

2.2."eCurrent Situationof InnovationandEntrepreneurship
Resources in Colleges and Universities. Learning resources
refer to the human and material resources that serve the
main body of learning in education and teaching activities,
and educational resources are rich in connotation [15]. It
includes both nonlife information and physical objects and
various human resources with vitality [16]. *e resource
recommendation system is an indispensable part of inno-
vation and entrepreneurship education. *is resource pool
involves large-scale human and material resources [17]. *e
construction of the resource recommendation system is an
essential systematic project, but there are still many prob-
lems in promoting this project.

In the context of increasingly abundant educational re-
sources, high-quality educational resources related to in-
novation and entrepreneurship are still scarce. On the one
hand, many colleges and universities are trying to establish a
recommendation system for innovative and entrepreneurial
resources, and the types of resources required for innovation

and entrepreneurship education are not clear.*e scale of the
innovation and entrepreneurship resource recommendation
system continues to expand, but the quality of improvement
has fallen into a bottleneck period. On the other hand, high-
quality innovation and entrepreneurship learning resources
have not fully flowed between higher schools. Under the
premise that there are barriers to interuniversity cooperation
between universities, many universities are not really in-
volved in the process of developing innovative and entre-
preneurial resources. Since their establishment, some
innovation and entrepreneurship curriculum development
projects have rarely been asked about. *is causes the waste
of project resources and leads to the construction of resource
recommendation systems becoming more inefficient.

All kinds of networked means have not been rationally
applied in building a resource recommendation system. *e
main body of education lacks the concept of lifelong edu-
cation [18]. For example, some colleges and universities try
to use microcourse and MOOC resources to enrich the
innovation and entrepreneurship resource recommendation
system. However, to avoid learning, students directly pulled
the video progress bar to the end without carefully watching
the video content. However, the video terminal still shows
that the student has learned relevant content due to the
existing technical conditions. *e existing learning resource
system design is also lacking in forward looking elements
[19]. Colleges and universities follow traditional educational
thinking to build a learning resource library. Lack of
guidance in the design and research of online courses. *e
content involved in various online courses is highly repet-
itive and cannot meet students’ differentiated innovation
and entrepreneurship learning needs.

Under the concept of lifelong education, the construc-
tion of the recommendation system for innovation and
entrepreneurship resources in colleges and universities
should be sufficient to meet the learning needs of students at
different stages of innovation and entrepreneurship. It is also
necessary to study the differences between different students
in innovation and entrepreneurship, and provide them with
differentiated learning resources. Under the existing system,
the learning resources provided by universities for students
at different levels are not differentiated. *e cookie-cutter
innovation and entrepreneurship education resources are
not highly targeted. It cannot play a role in guiding students
and enhancing the orientation of education [20].

3. The Proposed Resource
Recommendation Algorithm

3.1. Group Recommendation Framework. *e framework of
the group recommendation model proposed in this paper is
shown in Figure 1. *e specific process is as follows:

(1) Obtain the user trust data, use the classical proba-
bility matrix decomposition algorithm to complete
the trust matrix N, and obtain the user trust char-
acteristic vectors L and R.

(2) Normalize each row of the trust matrix using soft-
max to obtain the similarity matrix F.
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(3) Get user-item scoring data. *e probability matrix
decomposition algorithm of the joint similarity is
used to complete the prediction score of the unrated
items.

(4) Use the confluence trust weighting strategy to
combine the scores of all members of the group. It
gets the ratings of items by the entire group and
generates a list of recommendations based on the
ratings.

3.2. User Similarity Matrix Construction. *is article uses a
real dataset that contains several trust relationships between
users and user ratings of items. Building a user similarity
matrix requires a trust relationship between two users.
*erefore, the probability matrix decomposition algorithm
is first used to complete the user trust matrix.

Suppose there are W users, Nl,r represents the trust of
user l to user r, forming a trust matrix of W × W. *e target
trust matrix is decomposed into the product LN

Z×WRZ×W of
twomatrices with lower dimensions, where Z is the potential
vector dimension. L and R represent the implicit eigenvector
of user trust.

Suppose that the user trust Nl,r is determined by the
inner product of the potential vector of user l and the po-
tential vector of user r, and the trust follows a Gaussian
distribution, that is, formula (1).

Nl,r ∼ T L
N
l Rr, σ

2
 . (1)

*en, the conditional probability of the observed trust
matrix is formula (2).

u N|L, R, σ2  ∼ 
W

l�1


W

r�1
T L

N
l Rr, σ

2
 

Xl,r
, (2)

where Xl,r is the indicator function. If user l has trust data for
user r, it is 1. Otherwise, it is 0.

*en, assume that the potential feature vectors of users
obey the Gaussian prior distribution with a mean value of 0,
that is, formula (3) and formula (4).

u L|σ2L  ∼ 
W

l�1
T Ll ∣ 0, σ2LX , (3)

u R|σ2R  ∼ 
W

r�1
T Rr|0, σ2RX , (4)

where X represents a diagonal matrix. *en, the posterior
probabilities of L and R is formula (5).

u L, R|N, σ2L, σ2R, σ2 ∝ u N|L, R, σ2 u L|σ2L u R|σ2R . (5)

Logarithmsare takenfrombothsides toobtainformula(6).
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where C is an independent constant.
*e posterior probability is maximized by minimizing

the following objective function:

L �
1
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where λL � σ2/σ2L, λR � σ2/σ2R.
Equation L obtains formula (8) and formula (9) by

deriving partial derivatives of Ll and Rr, respectively.

zE

zLl

� Nl,r − L
N
l Rr Rr − λLLl, (8)

zE

zRr

� Nl,r − L
N
l Rr Ll − λRRr. (9)

*en, the random gradient descent is used to update Ll

andRr until they converge or reach themaximum number of
iterations.

After training, two eigenvectors L and R of each user can
be obtained. *e left vector Ll of any user l is multiplied by
the right vector Rr of another user r to obtain L’s trust in R,
that is, formula [10].

Nl,r � Ll · Rr. (10)

Group rating of items

Raw
data

User trust 
eigenvectors 

L and R

Similarity matrix

User trust matrixUser item 
scoring matrix

Probability matrix decomposition
of joint user trust

User’s prediction score of the project

Group fusion strategy based on user similarity

Figure 1: Group recommendation model framework.
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Firstly, the trust matrix N between each pair of users is
calculated, and Nl,r represents the trust of user l to user r.
*e L-to row of the matrix indicates the trust of the L-to user
to other users. At this time, the softmax operation is per-
formed on each row of data, and the sum of the trust degree
of each row is normalized to obtain the similarity matrix F,
that is, formula (11).

Fl,r �
e

Nl,r


W
r�1e

Nl,r
, (11)

where Fl,r represents the similarity between user l and user r.

3.3. FPMF Algorithm Combined with User Trust.
Assuming that there are w users and t items, the score of
each user and item is taken as a W × T matrix, and
RW×T, Rx,y represents the score of user x on item y. *en,
assume that R obeys the Gaussian distribution with mean
PN

x Qy and variance σ2R, and its probability distribution is
formula (12).

u R ∣ P, Q, σ2R  � 
W

x�1


T

y�1
T P

N
x Qy, σ2 

XR
x,y

. (12)

From the similarity matrix, it can be seen that the user’s
feature vector and other user feature vectors in the similarity
matrix F should be equal after multiplying by the weight,
that is, formula [13].

Px � 
W

n�1
Fx,nPn, (13)

where Fx,n represents the similarity between user x and user
n. *en, the Gaussian prior distribution of the user char-
acteristic matrix P is as shown in formula (14).

u P|F, σ2P, σ2F ∝ u P|σ2P u P|F, σ2F 

� 
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W

x�1
T Px| 

W

n�1
Fx,nPn, σ2FX⎛⎝ ⎞⎠.

(14)

Suppose again that the item eigenvector Q also obeys the
Gaussian distribution, that is, formula (15).

u Q|σ2Q  � 
T

y�1
T Qy|0, σ2QX . (15)

*en, the posterior probability distribution of P and Q
can be obtained as follows:

u P, Q|R, F, σ2R, σ2F, σ2P, σ2Q ∝

u R|P, Q, σ2R u P|F, σ2P, σ2F u Qσ2Q .
(16)

Logarithm is taken on both sides to get formula (17).
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*e posterior probability is maximized by minimizing
the following objective function:
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where λP � σ2R/σ
2
P.λQ � σ2R/σ

2
Q.λF � σ2R/σ

2
F.

*en, the gradient descent method is used to update Px

and Qy until they converge or reach the maximum number of
iterations.

3.4.ConvergenceStrategies. *is paper proposes a new fusion
strategy based on user interaction in terms of group fusion.
*is will again leverage the previously acquired network of
user trust. *e specific process is further discussed.

*e implicit eigenvector R of the trust degree of all users
is obtained, and the average value Rmean of R is also obtained,
that is, formula (19).

Rmean �
1

W


W

l�1
Rl. (19)

*e left vector L of each user is multiplied by point Rmean
to obtain the weight of the user, that is, formula (20).

4 Mathematical Problems in Engineering



mx �〈Lx · Rmean〉. (20)

When recommending a group, normalize the weight of
users in the group using the softmax function, that is,
formula (21).

mx �
e

mx


W
y�1e

my
. (21)

*eweight strategy is used to combine the scores of users
in the group with the scores of groups, that is, formula (22).

R(A, y) � 
x∈A

mxRx,y, (22)

where R(A, y) represents the score of group A on item y.

4. Design of University Entrepreneurship
Resource Recommendation System
Based on SSH2

*e traditional information network resource management
system adopts the C/S architecture. Each client needs to
install the appropriate software for the relevant configura-
tion. *e system adopts the B/S architecture, and the user
does not need to install software. Only the browser needs to
be installed to access the system, and the technical re-
quirements for the user are not high. In addition, the system
uses SSH2 as the framework, uses the Java language and
MySQL database, and introduces JavaScript, CSS, and other
web technologies. It realizes the five functions of login
verification, permission management, data retrieval, data
management, and version management.

4.1. Overall Framework Design of the Resource Recommen-
dation System. *e resource recommendation system
adopts a B/S architecture, and the framework diagram of the
entire system is shown in Figure 2.

It is divided into 4 floors, from bottom to bottom, entity
layer, DAO layer, service layer, and WEB layer. *ere is an
interaction between the DAO layer, the service layer, and the
WEB layer (3 layers). *e upper layer can call the services of
the lower layer, and the lower layer can return data to the
upper layer.

*e entity layer is mainly used to encapsulate the data of
the entire repository system, including form data trans-
mitted from the foreground page to the webserver and the
web service to the database mapping data. Data transfer
from the client to the webserver requires the corresponding
POJO (plain ordinary Java object) variable to be defined in
the controller. *e corresponding get and set methods are
provided for this variable. *is allows Struts2 to pass data
from the client form to the controller’s corresponding
properties in the POJO object. Data is passed from the web
server to the database, mainly by defining a corresponding
POJO object for each table in the database, and then con-
figuring a mapping between the POJO and the database table
in Hibernate’s configuration file. *is allows it possible to
pass data between the web server and the database via POJO.
*is layer is the basis for the data exchange of the entire

system, and the data exchange of all layers is the data en-
capsulated using the entity layer.

*e service layer is the business processing layer of the
entire system, which is mainly responsible for handling the
business logic. Each time the controller receives a request, it
calls the corresponding processing method of the service
layer. After the service receives the processing task, it calls
the methods of the DAO layer, completes the logical op-
erations required by the request, and finally passes the
returned data to the controller of the WEB layer. *e service
layer is the brain of the entire repository system, and all the
complex logic is written in this layer.

*e DAO layer is the bridge between the server and the
database. *e data processed by the WEB server is persisted
to the database by the DAO layer, and the data in the da-
tabase is transmitted to the WEB server through the DAO
layer. To optimize the operation of the repository on the
database, the DAO layer of the repository system adopts the
Hibernate framework. *e framework provides a pool of
database connections placed in a connection pool each time
the system starts with a certain number of database con-
nections based on Hibernate’s configuration file. Each time a
database connection needs to be established, it is not nec-
essary to establish another database connection, but instead
takes a database connection from the connection pool, use it
up, and then put it back into the connection pool. *is
connection pooling pattern avoids consuming too many
resources every time due to the establishment and release of
connections.

4.2. Graphic Design of Entrepreneurial Resource Recommen-
dation System. *e functional module design of the startup
resource recommendation system is shown in Figure 3.

5. Experiments and Analysis

*is section uses real data sets and implements the algorithm
in Python. *e experiment is carried out on a computer
configured with Windows 7, 2.5GHz CPU, and 8GB
memory.

5.1.Datasets. *e experiment uses real data sets, all from the
college student innovation and entrepreneurship resource
library system, based on personalized recommendations,
composed of two parts: rating data ratings.txt and user trust
data trust.txt. *e ratings.txt contained 35497 data, with a
scoring range of 0.5 to 4.0, a step size of 0.5, and an intensity
of 1.044%. *e trust.txt contains 1853 data with an intensity
of 0.069%.

5.2. Evaluation Indicators. To test the effectiveness of the
proposed algorithm, the mean absolute error (MAE), cov-
erage rate (COV), and comprehensive evaluation index (F1)
are used to evaluate the performance of the recommended
system.*e average absolute error refers to the average value
of the difference between the resource score recommended
by the recommendation system for the user and the score of
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the real user resource in the test set, and the smaller the
value, the more accurate the prediction score, as shown in
equation (23). Coverage refers to the ratio of the number of
scoring resources that the recommendation system can
predict for the user to the total number of resources in the
test set, the higher the value, the stronger the ability of the
algorithm to mine long-tail resources, as shown in equation
(24). *e F1 value refers to the comprehensive evaluation
index of the recommendation system, and the higher the
value, the better the performance, and the calculation for-
mula is shown in equation (25).

WMAE �


T
x�1 rx − ru




T
, (23)

CCOV �
Lp





t
, (24)

F1 �
2 × UPrecision × CCOV

UPrecision + CCOV
, (25)

UPrecision � 1 −
WMAE

rmax − rmin
, (26)

where rx is the true score of item x in the test set. ru is the
resource prediction score of the recommendation system for

the target user. |Lp| represents the number of scoring re-
sources predicted by the push system for the target user. T
represents the total number of resources in the test set. rmax
and rmin represent the highest score and the lowest score in
the push system, respectively.

5.3."e Results and Analysis. *e experiment selects 80% of
the real data set as the training set and 20% as the test set,
uses the recommendation system to compare the resource
score recommended by the user with the resource score in
the known test set, and uses the given evaluation index to
measure the performance of the recommendation algorithm.
Comparing the proposed algorithm with the traditional
user-based recommendation algorithm literature [21], the
fuzzy C-means clustering-based collaborative filtering al-
gorithm literature [22], and the implicit trust-based rec-
ommendation algorithm literature [22], with the same
parameters set, evaluate the performance of the recom-
mendation algorithm by scoring and top-N predictions.

*e algorithm of this article involves parameters α and β.
Among them, the α is the proportion of the comprehensive
trust value between users in the comprehensive direct trust
value, and the β is the proportion of the global trust value
between users in the comprehensive trust value. As shown in
Figure 4, different α values have a larger impact on the

Entity 
layer

Write Hibemate files 
and persistent entity 

classes

The table to be involved in the 
analysis module. Determine the 

relationship between tables

DAO
layer

Write DAO and 
Implementation

Determine the corresponding 
method according to various 

persistence operations required 
by the module

Service
layer

Write service 
interface method and 

Implementation

Write business logic and call 
DAO operation

Web 
layer

Write action and 
corresponding form

It is used to handle the 
interaction between pages and 
business logic, and carry out 

necessary verification and 
transformation of data

JSP page Present the business data and properly 
control the illegal operations of users

Figure 2: Resource recommendation system framework.
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average absolute error of the prediction score. *e average
absolute error value is minimal at α� 0.1 and β� 0.9.
Coverage and F1 values are the largest, at 0.45, 0.593, and
0.715, respectively. Note that when there are many sparse
data and cold-start users, the proposed algorithm relies more
on obtaining the best trust neighbours through trust passing
between users to achieve scoring prediction.

Figure 5 shows the recommended quality comparison of
the proposed algorithm at different neighbours. As can be
seen, as thenumberofnearneighbours increases, thequalityof
recommendations continues to decrease and eventually flat-
tens out. Where MAE increases with the number of neigh-
bours, the reason is that the comprehensive trust value
between users continues to decrease as the number of
neighbours increases, resulting in a continuousdecrease in the
quality of recommendations. Eventually, the values of COV
andF1decreasewith the increaseof thenumberofneighbours,
which proves that the recommended quality of the proposed
algorithm is better when the number of neighbours is 5.

Figure 6 shows the variation of the proposed algorithm
and the comparison algorithm under different neighbour
numbers. It can be seen that when there are different
numbers of neighbours, the MAE of the literature [21] and
literature [22] algorithms first declines, then rises, and finally

tends to be stable. Moreover, theMAE value is above 1.0, and
the proposed algorithm and the literature [22] algorithm are
both stable as the number of neighbours increases as the
MAE value increases. And the MAE is significantly smaller
than the literature [21] and literature [22] algorithms.

Figures 7 and 8 show the changes of COV and F1 values
of the algorithm and the comparison algorithm under dif-
ferent numbers of nearest neighbours. It can be seen that
with the increase of the number of nearest neighbours, the
long tail resources and personalized resources recom-
mended for the target users are reduced, resulting in the
continuous reduction of COV. When the number of COV is
40∼35, it is not very different from the algorithm in this
paper. However, when the number of nearest neighbours is
5∼20, this algorithm has a better mining effect for long-tail
resources and a better recommendation effect than the
comparison algorithm.

Combined with the abovementioned experimental re-
sults, the results show that compared with the traditional
user-based recommendation algorithm, the collaborative
filtering algorithm based on fuzzy c-means clustering, and
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the recommendation algorithm based on implicit trust, the
proposed algorithm has better performance in terms of
average absolute error, mining ability of long-tail resources,
and comprehensive evaluation index. Especially in the case
of a few neighbours, the proposed algorithm can still make

accurate recommendations for target users under the
problems of sparse data and cold start.

6. Conclusion

Anaccurateandeffective recommendationsystemforefficient
entrepreneurial resources is an inevitable requirement for
developing the innovation and entrepreneurship space based
on “Internet +”. To accurately recommend entrepreneurial
resources, this paper proposes a recommendation algorithm
based on user trust and a probability matrix. To test the ef-
fectiveness of the proposed algorithm, the average absolute
error (MAE), coverage rate (COV), and comprehensive
evaluation index (F1) are used to evaluate the performance of
the recommended system. When designing the recommen-
dation system, the web system of the mainstream SSH2
framework is used to create, and the B/S structure of the
entrepreneurial resource recommendation system platform is
realized. Experimental results show that the proposed system
has a higher recommendation quality compared with other
recommended algorithms. In the future, the impact of trust
propagation among users on the performance of the rec-
ommendation system will be studied to further improve the
recommendation quality and user experience.

Data Availability

*e labeled dataset used to support the findings of this study
are available from the corresponding author upon request.

Conflicts of Interest

*e authors declare no conflicts of interest.

Acknowledgments

*is work is supported by the Hebei Federation of Social
Sciences: Research on the cultivation of students’ volun-
teering practice based on the perspective of social gover-
nance modernization (No. 20200602034).

References

[1] Y. Song, “Cultivation of talents for mass entrepreneurship and
innovation of fine arts majors in colleges and universities from
the perspective of “internet+,” IOP Conference Series: Mate-
rials Science and Engineering, IOP Publishing, vol. 750, no. 1,
Article ID 012225, 2020.

[2] D. Tang and X. Li, “*oughts on innovation and entrepre-
neurship mode reform of college students in the context of
COVID-19,” International Journal of Electrical Engineering
Education, Article ID 002072092098431, 2021.

[3] X. Yan,W. Liu, M. K. Lim, Y. Lin, andW.Wei, “Exploring the
factors to promote circular supply chain implementation in
the smart logistics ecological chain,” Industrial Marketing
Management, vol. 101, pp. 57–70, 2022.

[4] S. M. Pompea and P. Russo, “Astronomers engaging with the
education ecosystem: a best-evidence synthesis,” Annual
Review of Astronomy and Astrophysics, vol. 58, pp. 313–361,
2020.

0.2

0.3

0.4

0.5

0.6

0.7

0.8

F1
 v

al
ue

10 15 20 25 30 35 405
Number of nearest neighbors

Literature [21]
Literature [23]

Literature [22]
Proposed

Figure 8: F1 comparison of four recommended algorithms.

0.1

0.2

0.3

0.4

0.5

0.6

CO
V

10 15 20 25 30 35 405
Number of nearest neighbors

Literature [21]
Literature [23]

Literature [22]
Proposed

Figure 7: COV comparison of four recommended algorithms.

10 15 20 25 30 35 405
Number of nearest neighbors

0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

M
A

E

Literature [21]
Literature [22]

Literature [23]
Proposed

Figure 6: MAE comparison of four recommended algorithms.

8 Mathematical Problems in Engineering



[5] R. B. Bouncken, S. M. Laudien, V. Fredrich, and L. Gormor,
“Coopetition in coworking-spaces: value creation and ap-
propriation tensions in an entrepreneurial space,” Review of
Managerial Science, vol. 12, no. 2, pp. 385–410, 2018.

[6] P. Nagarnaik and A. *omas, “Survey on recommendation
system methods,” in Proceedings of the 2015 2nd International
ConferenceonElectronicsandCommunicationSystems(ICECS),
pp. 1603–1608, IEEE, Coimbatore, India, February 2015.

[7] A. D. Harrison, T. F. Whale, M. A. Carpenter, A. Holden,
J. Murray, and T. Vergara, “Not all feldspars are equal: a
survey of ice nucleating properties across the feldspar group of
minerals,” Atmospheric Chemistry and Physics, vol. 16, no. 17,
pp. 10927–10940, 2016.

[8] K. K. Brock, S. Mutic, T. R. McNutt, H. Li, and M. Kessler,
“Use of image registration and fusion algorithms and tech-
niques in radiotherapy: report of the AAPM radiation therapy
committee task group no. 132,”Medical Physics, vol. 44, no. 7,
pp. e43–e76, 2017.

[9] K. Yu, S. Berkovsky, R. Taib, J. Zhou, and F. Chen, “User trust
dynamics: an investigation driven by differences in system
performance,” in Proceedings of the 22nd International
Conference On Intelligent User Interfaces, pp. 307–317,
Limassol, Cyprus, March 2017.

[10] A. Zhou, J. Li, Q. Sun, and C. Fan, “A security authentication
method based on trust evaluation in VANETs,” EURASIP
Journal on Wireless Communications and Networking,
vol. 2015, no. 1, pp. 1–8, 2015.

[11] A. Gonzalez-Caceres, A. K. Lassen, and T. R. Nielsen,
“Barriers and challenges of the recommendation list of
measures under the EPBD scheme: a critical review,” Energy
and Buildings, vol. 223, Article ID 110065, 2020.

[12] Z. Yu and C. Zhang, “Image based static facial expression rec-
ognitionwithmultipledeepnetwork learning,” inProceedingsof
the 2015 ACM on International Conference On Multimodal
Interaction, pp. 435–442, Seattle, WA, USA, November 2015.

[13] E. G. Stets, L. A. Sprague, G. P. Oelsner, C. Jennifer, B. Karen,
and E. Robert, “Landscape drivers of dynamic change in water
quality of US rivers,” Environmental Science & Technology,
vol. 54, no. 7, pp. 4336–4343, 2020.

[14] A. Hodkinson, Key Issues in Special Educational Needs and
Inclusion, Sage, New York, NY, USA, 2015.

[15] L. Wynter, A. Burgess, E. Kalman, J. Heron, and B. Jane,
“Medical students: what educational resources are they us-
ing?” BMC Medical Education, vol. 19, no. 1, pp. 1–8, 2019.

[16] S. M. Eknath and G. D. Janardhan, “Level of human resources
development-a conceptual and review exposition,” Interna-
tional Journal for Research in Applied Science and Engineering
Technology, vol. 8, no. 3, pp. 687–691, 2020.

[17] A. Kaye-Tzadok, A. Ben-Arieh, and H. Kosher, “Hope, ma-
terial resources, and subjective well-being of 8-to 12-year-old
children in Israel,” Child Development, vol. 90, no. 2,
pp. 344–358, 2019.

[18] R. Burns, Adult Learner at Work: "e Challenges of Lifelong
Education in the New Millennium, Routledge, England, UK,
2020.

[19] E. F.Rusydiyah,E.Purwati, andA.Prabowo, “Howtousedigital
literacy as a learning resource for teacher candidates in Indo-
nesia,”Cakrawala Pendidikan, vol. 39, no. 2, pp. 305–318, 2020.

[20] N. Q. Linh, N. M. Duc, and C. Yuenyong, “Developing critical
thinking of students through STEM educational orientation
program in Vietnam,” Journal of Physics: Conference Series,
IOP Publishing, vol. 1340, no. 1, Article ID 012025, 2019.

[21] M. Kumar, S. Kumar, and P. K. Kashyap, “Towards data
mining in IoT cloud computing networks: collaborative

filtering based recommended system,” Journal of Discrete
Mathematical Sciences and Cryptography, vol. 24, no. 5,
pp. 1309–1326, 2021.
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