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Most of the traditional university employment forecasting systems adopt a single traditional feature modeling,
which leads to poor employment forecasting effect and weak employment accurate service. Therefore, this paper
proposes a novel student employment forecasting model based on random forest and multi-features fusion.
Firstly, the student data is preprocessed to remove irrelevant attributes to achieve data consistency. Secondly, in
order to improve the accuracy of the prediction model, a feature selection model combining principal component
analysis and random forest algorithm is used to select the optimal subset from the original features. Finally,
considering the prediction accuracy and prediction time, a combined prediction model GRU-LSTM based on
gated recurrent unit (GRU) and long short-term memory network (LSTM) is proposed. The employment data is
forecast efficiently and accurately. The experimental results show that compared with the advanced methods,
the accuracy of employment prediction is increased by 4.2%, which provides reliable data support for improving

the employment of college students.
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1. Introduction

Nowadays, with the development of globalization, automa-
tion and artificial intelligence, student employment is very
important for educational institutions [1]. Through the
employment prediction model, schools can understand em-
ployment trends across majors and courses, so that they
can plan and improve courses more effectively and keep
education in line with market needs. For students, the
model provides suggestions for choosing a major or indus-
try, which can help them better plan their future career
development [2]. Overall, the student employment pre-
diction model is a powerful tool to facilitate schools and
students to better adapt to the dynamic job market and
improve the match between education and employment [3,
4].

In the education information system, Educational Data
Mining (EDM) plays a key role in analyzing and mining
a large amount of data in the field of education by using
data mining technology to reveal the patterns and trends of
students’ learning, performance and behavior [5, 6]. EDM
solves data analysis problems by applying methods such
as machine learning, statistics, information retrieval and
recommendation systems. Rusilowati et al. [7] analyzed
seven factors affecting the employment of college gradu-
ates, including age, extracurricular activities, professional
field, marital status, communication ability, department
and industrial internship experience. The employment pre-
diction model proposed in Zhao et al. [8] combined rough
set and random forest (RF) algorithm, and optimized model
parameters through grid search. Hera et al. [9] proposed
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an academic prediction method based on artificial neural
network (ANN), and proved that prediction performance
of ANN was better than RF and linear regression (LR) al-
gorithm.

In the last decade, deep learning as an extended frame-
work for ANN has attracted a lot of attention from re-
searchers. Zhang et al. [10] proposed an academic pre-
diction model based on recurrent neural network (RNN),
and experimental results showed that RNN had better pre-
diction performance than ANN. In Vijayan et al. [11], five
different multi-layer perceptron (MLP) sub-models were
used to construct a deep stacked prediction model for dif-
ferent environmental factors, which achieved good perfor-
mance in the job prediction task of information technology
students. Wang [12] used BP neural network and support
vector machine to model and predict the employment rate
of college graduates, and then obtained the prediction re-
sults. To sum up, the researches on the above employment
forecasting methods all stay on the choice of forecasting
model, and do not analyze the input features of the model.
For example, it is impossible to determine the contribution
rate of the influencing factors to the employment of col-
leges and universities due to the many influencing factors
[13]. To solve the above problems, this paper proposes a
multi-feature fusion method and RF for college student
employment prediction. This method applies behavior fea-
tures to employment prediction, and designs a new method
of employment prediction for college students, which has
certain application value and important practical signifi-
cance to improve the accuracy of employment prediction.

2. Materials and methods

2.1. Data preprocessing

Data preprocessing is a data mining strategy that converts
input data into a format that facilitates further processing.
First, credit scores are assigned to "text" data type attributes,
such as native place, major, etc., and then Z-value normal-
ization technology is applied to eliminate noise in the data
set [14]. _
D — (X)
3(X)
Where D is the original data set. D’ is the normalized
data. X is the feature mean. §(X) is the characteristic

D' = @

standard deviation.

2.2. Feature selection based on improved RF algorithm

An improved algorithm combining PCA and RF is used to
reduce the feature dimension while preserving the original
data information. Subsequently, the obtained results are
used as input to the DBN prediction model to improve the

computational efficiency and accuracy of feature extraction
[15-17].

PCA algorithm is widely used in feature dimensionality
reduction to reduce the computation time of neural net-
works and improve the computation speed [18]. Let the
normalized feature set be X' = {x%,x%,x{,- .- ,x%} ,jis
the decision variable. The covariance matrix R is obtained
by using the linear transformation.

1

R=-
n
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Solving |AI — R| = 0, it can obtain eigenmatrix A, and
calculate the cumulative contribution g;:
k
Bi=Y st ©
i=1 &i=1""

Thus, we get the first k principal component features
of B; between 75% and 95%, which contains most of the
original variable information. After PCA dimension reduc-
tion, the feature importance is evaluated by RF and the
optimal feature subset is selected. The RF algorithm sets
about 1/3 of the samples as the unselected part and treats
this part of the samples as the out-of-pocket data [19]. By
perturbing out-of-pocket data not involved in decision tree
training, the difference of classification accuracy is calcu-
lated to obtain the importance of features. By perturbing
out-of-pocket data not involved in decision tree training,
the difference of classification accuracy is calculated to ob-
tain the importance of features. The specific improved RF
algorithm is shown in Algorithm 1.

Algorithm 1. Improved RF.

1. Bootstrap sampling is carried out with M feature sub-
sets to generate M decision trees, and each tree is gen-
erated independently.

2. Let m = 1, train the decision tree T};,. The m— th data
set is taken as the training data, and the accuracy Ly,
of the m — th out-of-pocket data is calculated.

3. Rearrange the features f in the out-of-pocket data set
and calculate the accuracy Lk,

4. For all sample data sets m = 2,3,--- , M, repeat step 2
and step 3 .

5. Calculate the classification accuracy error after feature
rearrangement, expressed as:
eh =Ly — L,
6. Calculate the influence of features on the accuracy of
out-of-pocket data:
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8. Based on Egs. (5) and (6), calculate the importance
fr = e/ /S of feature f.

9. After the fr is obtained, a feature subset is generated
by removing one feature one by one from the sorted
feature set, and the accuracy of the feature subset is cal-
culated. Finally, the subset with the highest accuracy
is selected as the optimal feature subset.

2.3. Traditional feature vector construction

Traditional factors include students” course grades, com-
puter grades, English proficiency and other information.
In this paper, the matrix decomposition technique is used
to construct the loss function, and the eigenvector repre-
senting the students’ basic professional ability is solved [20,
21]. The computer level and English level are quantified
into the performance information processing, and a target
matrix is constructed.

Firstly, the curriculum matrix R € R™*" is constructed
by normalizing the information of students’ grades. Where
each element r;; of the matrix R represents grade of student
u; in course ¢;. Factorizing the matrix R into the product of
two matrices P,y and Qjy,, that is:

Ruxn = Py X Qpxn = ﬁm><n 4

Where k is a parameter used to represent k types of po-
tential expertise. The matrix P, . represents the ability
of each student to correspond to a professional skill. The
matrix Qg is used to represent the corresponding rela-
tionship between k professional skills and each course. In
order to ensure that the real score Ry x, and the recon-
structed score R, %, are as similar as possible, the square
of the errors of the two matrices is used as the loss function
L.

L:minZL‘J‘ <7’1‘,j*p§qj>2+)L Z|Ip'”+ZH%H
ij ! /
®)

Where [;; represents whether student u; has taken
course ¢;. If it has crossed, Li=1 Otherwise, Lij =0.p;is
the column vector in i-th row of the matrix Py, «.g; is the
j-th column vector of the matrix Q.

Elements of P, and Qg in Eq. (5) are solved us-
ing stochastic gradient descent method, and the gradient
update formula is as follows:

€ ="Tij— P;‘lj ©)
pi=pita (p',jﬁi,jﬂj - /\Pi) ()
%:Wﬁ+“OWWW_A%> 8)

Where « is the amplitude at each step of gradient updat-
ing, A is the regularization coefficient, 0 < & < 1.

2.4. Behavior feature vector construction

In information theory and probability statistics, entropy is
a measure that represents the uncertainty of a random vari-
able. Student behavior regularity can be regarded as a kind
of behavior repetition [22-24]. The entropy is calculated
according to the probability distribution of the repeated
occurrence of student behavior in a given time interval,
so as to quantify the regularity of student behavior. The
construction method of behavioral entropy is shown as
follows.

Suppose that the period T is divided into n time periods.

T=A{t, - ta} ©)

The time period T and interval n are set according to
the actual situation. Then the probability of each student’s
behavioral v € V occurring within a given time interval

t e Tis:
ny (ti)
g no ()

Where 1, (t;) refers to the frequency of occurrence of

P, (T =t;) = (10)

behavior v in a given time period ¢ time interval, then the
entropy of behavior v in this time period is expressed as:
n
Ey=—) Py (T =t;)log P, (T =t;) (11)
i=1
The higher entropy denotes the more average of the
probability distribution of the students behavior v, the
more irregular of students behavior. For irregular behavior,
the division of time interval 7 can be reduced. For example,
when calculating students consumption behavior, the time
cycle can be set as one week and divided into every day as
a time interval.

2.5. Multi-feature fusion based on Pearson analysis

In order to more accurately select the factors that have
a high contribution rate to employment from many fac-
tors that affect employment, Pearson correlation analysis
is used to analyze traditional characteristics, behavioral
characteristics and employment data. The optimal subset
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is derived from Pearson correlation analysis and used as
input to the prediction model.

The Pearson correlation coefficient (PCC) [25] measures
the linear relationship between two variables and is de-
noted by r. The greater coefficient denotes the stronger
correlation, and the weaker vice versa. Given two n-
-, Xy] and
-, Y] . X, Y are mean values of variables X, Y,

dimensional vector X,Y, where X = [Xy,--
Y = [Yq,--
respectively, the correlation coefficients of two variables
are expressed as:

P (- (-
VEL (X 22D, (- V)2

In summary, by calculating the correlation coefficient

12)

between any eigenvector V = [Vy, - - -, V;;] of students and

employment data E = [Eq, - - - , Ey], we can get:
R DL M-V (E-F)
VEL (Vi= VPVEk (B - B

Where, V and E are the mean values of variables V and

(13)

E respectively, and then the correlation coefficient matrix
between each feature vector and employment data can be
obtained as follows:

fz—1-1 tz-1-2 rz—1-n
rz—2-1 Tz-2-2 rz—2—n

rz=| rz_3-1 Tz7-3-2 T7-3-n (14)
YZz—n-1 YzZ—n—1 YZ—n—n

Here, the subscript z of the correlation coefficient ma-
trix represents different types of feature vectors, namely,
the feature vector of professional skills, the feature vector
of consumption behavior, the feature vector of personal
interest, and the feature vector of family economy. Each
correlation coefficient represents the correlation between
the employment data and the feature vector. The quantified
student behavior characteristics are normalized, and the
correlation analysis is carried out with the students” em-
ployment destination. The features with high correlation
are selected as the data input.

2.6. GRU-LSTM prediction model

By comprehensively considering the two factors of predic-
tion accuracy and prediction time, this paper proposes a
combined prediction model based on gated recurrent unit
(GRU) and long short-term memory network (LSTM) to
forecast employment data [26, 27]. The network structure
diagram is shown in Fig. 1.

The network structure of the combined model has three
layers, and the first layer uses GRU. Due to the simple
network structure of GRU, the training speed is fast and

Input | | x(t-1) | | x(t) |

U U
@E ------ —W-| h(t-1) }—H.{ (1) |—W.
vV ) vV
ETE ------ —W-| hy(t-1) }—H.{ (1) |—W.
W d w r W
ETE ------ — ) —f wo }—
vV vV
|ltpT| [ yien | [ o |

Fig. 1. Hybrid prediction network

the training time is reduced, but the accuracy is inferior
to LSTM. The second and third layers of the model use
LSTM, and the double-layer LSTM can obtain higher ac-
curacy than the single-layer LSTM. Therefore, this paper
uses the advantages of fast GRU training speed and bet-
ter LSTM forecasting performance to propose a combined
GRU-LSTM forecasting model, which not only ensures the
forecasting accuracy, but also reduces the forecasting time,
and can effectively forecast the employment data.

3. University student employment forecast and re-
sult analysis

This paper combines the traditional features of students
and the features of behavioral timing, and constructs this
model using the combined model of GRU-LSTM. Here,
the employment information of 8000 students from one
university in 2022-2024 year is obtained, and 20% of the
data is used as the training set and 80% as the test set to
obtain the predicted results of this model. In the selection
of evaluation indicators, the commonly used precision rate
(P), recall rate (R) and F1 values are selected for evaluation.

TP
P=Tpirp (15)
TP
R=— 1
TP + FN (16)
2PR
Fl=5 & 17)

Where, TP is the number of positive data whose results
are consistent with the actual situation, FP is the number
of negative samples predicted as positive data, FN is the
number of positive data whose results are inconsistent with
the actual situation. F1 is the harmonic average of precision
and recall rate.
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3.1. Feature selection

Feature selection can select several representative feature
subsets from the original data feature set. Therefore, before
model training, this paper conducts Pearson correlation
analysis on students’ grade, gender, computer level, for-
eign language level, student status, economic situation and
interest, etc. The results are shown in Fig. 2.
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Fig. 2. Score with different features

As can be seen from Fig. 2, economic level and interest
are the two features that have the highest impact on stu-
dents” employment scores, and these two factors happen to
be directly reflected through behavioral factors. Therefore,
the experiment in this paper sets the weight according to
the score ratio as follows:

W =0.15W; + 0.17W, + 0.09W; + 0.12W, + 0.06W5

(18)
+0.22W + 0.19W;

Where, W is the feature input, and W; — Wy corresponds
to grade, gender, computer level, foreign language level,
student status, economic status and interest data respec-
tively.

3.2. Parameter adjustment and model prediction

The model proposed in this paper is used to train the em-
ployment data, and the change curves of loss function and
classification accuracy (ACC) in the training and testing
process of the employment data set with the number of
iterations are obtained, as shown in Figs. 3 and 4.

It can be seen that for the loss function, the training set of
student employment data shows a steady downward trend,
and both converge gradually at 50 iterations. Starting from
60 iterations, the loss function changes within a small value
range and lasts for a long time, which proves that the train-
ing gradually becomes stable. For the accuracy value, the
training set and the test set show an oscillating upward
trend before 50 iterations, until the accuracy reaches a high
value at 50 iterations, and the accuracy becomes stable after
150 iterations, with a stable value of about 0.97, which is

Loss curve

3.0 —— train loss

2.51

1.0+

0.5 A

T
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Fig. 3. Loss function curve with the number of iterations
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Fig. 4. Classification accuracy (ACC) varies with the
number of iterations

exactly corresponding to the loss function gradually be-
coming stable at 150 iterations. After the trend continues
for a period of time, it proves that the training results have
reached the optimal and can be stopped.

Table 1. Results of comparison between the traditional
features and the proposed features

Feature ACC P R F

Traditional 0.626 0.649 0.660 0.632
Proposed  0.699 0.706 0.715 0.711

3.3. Comparison results

In order to analyze the influence of traditional features
and fusion features on the employment prediction results,
the traditional features and fusion features with behav-
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Table 2. Comparison results with different methods

Model ACC P R F Time/s
LSTM 0.698 0.708 0.716 0.713 85
Namazi and Rezaei [28] 0.819 0.817 0.808 0.821 77
Rachmad et al. [29] 0.826 0.834 0.821 0.833 62
Proposed 0.833 0.847 0.835 0.841 57

ioral factors proposed in this paper are used as model and
type inputs, and the LSTM prediction model is adopted.
Through training and testing of the model, the final predic-
tion results are shown in Table 1.

It can be seen from the above experimental results that
the prediction results obtained by using multi-information
fusion feature vectors are significantly better than those
obtained by traditional features. This is because the new
algorithm in this paper adds behavioral factor analysis to
the selection of features, which can more truly reflect the
employment intention of students to a certain extent, so
the prediction result is more accurate.

Based on the above analysis, better employment pre-
diction results can be obtained by using multi-information
fusion features. In order to further verify the performance
of the employment prediction model proposed in this pa-
per, the single LSTM model and the other two advanced
methods are compared by ten-fold cross-verification, and
the results are shown in Table 2.

From the above results, it can be seen that the prediction
model in this paper is superior to other models. Because the
model in this paper adopts nonlinear modeling, it can bet-
ter learn and train a large number of fusion feature vectors,
s0 as to accurately describe the change law of graduate em-
ployment rate. At the same time, as a lightweight variant
of LSTM, GRU neural network model can reduce the train-
ing parameters, reduce the complexity of the algorithm,
accelerate the convergence speed and improve the predic-
tion accuracy while retaining the fitting time dependence
and nonlinear sequence memory ability. The experimental
study shows that with the increase of time, the F-value of
the prediction model in this paper will also increase, and
the prediction accuracy will become higher. To sum up, it
can be concluded that the proposed model in this paper is
real and effective for students” employment prediction.

4. Conclusions

In this paper, we firstly propose a multi-feature fusion
method based on traditional factors and behavioral factors,
comprehensively consider the influence of each factor on
employment, and combine Pearson analysis to select the
optimal feature subset, which improves the quality of data

set. Secondly, a GRU-LSTM model with high forecasting
accuracy and short forecasting time is proposed to realize
efficient and accurate forecasting of employment data. To
sum up, for universities, this model can not only predict
and analyze the employment situation of students, but
also effectively build an effective bridge between gradu-
ates and enterprises. Meanwhile, the behavioral analysis of
this model can help cultivate students” comprehensive abil-
ity and formulate scientific and reasonable talent training
plans. For students, it can provide advantage analysis for
them in the confusion of career selection and employment,
help them make reasonable career planning, and serve the
modernization of the country.

5. Acknowledgements

This work was supported by Key scientific Research
Projects of Universities in Henan Province (Project num-
ber: 23B413004), and phased achievements of Key Tech-
nology Research of Computer aided Diagnosis of Atrial
Fibrillation Based on Deep Learning by Science and Tech-
nology Department of Henan Province (project number:
222102310222).

References

[1] T. Ramayah, (2024) “Factors influencing the effective-
ness of information system governance in higher education
institutions (heis) through a partial least squares struc-
tural equation modeling (pls-sem) approach” IAIC Trans-
actions on Sustainable Digital Innovation (ITSDI)
5(2): 100-107. DOI: 10.34306/itsdi.v5i2.658.

[2] P. Shojaei, E. Vlahu-Gjorgievska, and Y.-W. Chow,
(2024) “Security and privacy of technologies in health in-
formation systems: A systematic literature review” Com-
puters 13(2): 41. DOI: 10.3390/computers13020041.

[3] S. Devaraju, (2024) “Al-Powered HRM and Finance
Information Systems for Workforce Optimization and Em-
ployee Engagement” Turkish Journal of Computer
and Mathematics Education (TURCOMAT) ISSN
3048: 4855. DOI: 10.61841 /turcomat.v15i1.14940.


https://doi.org/10.34306/itsdi.v5i2.658
https://doi.org/10.3390/computers13020041
https://doi.org/10.61841/turcomat.v15i1.14940

(4]

(10]

(11]

Journal of Applied Science and Engineering, Vol. 29, No 2, Page 329-336

J. Yu, Z. Lu, S. Yin, and M. Ivanovi¢, (2024) “News
recommendation model based on encoder graph neural net-
work and bat optimization in online social multimedia art

education” Computer Science and Information Sys-
tems (3): 989-1012. DOI: 10.2298/CSIS231225025Y.

U. Marjanovic, G. Mester, and B. Milic Marjanovic,
(2024) “Assessing the Success of Artificial Intelligence
Tools: an Evaluation of ChatGPT Using the Information
System Success Model” Interdisciplinary Description
of Complex Systems: INDECS 22(3): 266-275. DOLI:
10.7906/indecs.22.3.3.

M. L. Dominic, P. Venkateswaran, L. T. Reddi, S.
Rangineni, R. Regin, and S. S. Rajest. “The synergy of
management information systems and predictive an-
alytics for marketing”. In: Data-Driven Decision Mak-
ing for Long-Term Business Success. IGI Global Scien-
tific Publishing, 2024, 49-63. DOI: 10.4018 /979-8-
3693-2193-5.ch004.

U. Rusilowati, U. Narimawati, Y. R. Wijayanti, U.
Rahardja, and O. A. Al-Kamari, (2024) “Optimizing
human resource planning through advanced management
information systems: A technological approach” Aptisi
Transactions on Technopreneurship (ATT) 6(1): 72—
83. DOI: 10.34306/att.v6il.390.

Y. Zhao, M. Zhao, and F. Shi, (2024) “Integrating
moral education and educational information technology:
A strategic approach to enhance rural teacher training
in universities” Journal of the Knowledge Economy
15(3): 15053-15093. DOI: 10.1007/513132-023-01693-
Z.

A.Hera, A. Al Rian, M. O. Faruque, M. M. H. Sizan,
N. A. Khan, M. A. Rahaman, and M. J. Ali, (2024)
“Leveraging information systems for strategic manage-
ment: Enhancing decision-making and organizational per-
formance” American Journal of Industrial and Busi-
ness Management 14(8): 1045-1061. DOI: 10.4236/
ajibm.2024.148054.

J. Zhang, ]. D. Peter, A. Shankar, and W. Viriyasitavat,
(2024) “Public cloud networks oriented deep neural net-
works for effective intrusion detection in online music ed-
ucation” Computers and Electrical Engineering 115:
109095. DOTI: 10.1016/j.compeleceng.2024.109095.

D. Vijayan, M. Saad, and A. M. Khedr, (2024)
“Bayesian Optimized Enhanced Ensemble Multi-Layer Per-
ceptron for Rear-End Collision Prediction in IoV"” IEEE
Access 12: DOI: 10.1109/ ACCESS.2024.3519177.

(12]

(14]

(16]

(18]

335

J. Wang, (2024) “Towards an open university based on
machine learning for the teaching service support system
using backpropagation neural networks” Soft Comput-
ing 28(5): 4531-4549. DOI: 10.1007 /s00500-024-09639-
6.

C. Abdelilah, S. Ahriz, K. El Guemmat, and K. Man-
souri, (2024) “Implementation of suitable information
technology governance frameworks for Moroccan higher
education institutions.” International Journal of Elec-
trical & Computer Engineering (2088-8708) 14(3):
DOL: 10.11591 /ijece.v14i3.pp3116-3126.

R. Takata, K. Hashimoto, T. Shimazaki, K. Kaneda, S.
Yamamoto, S. Nakanishi, and I. Osaka, (2024) “Nor-
malization Based on m/z Shift and Ion Intensity in SALDI-
TOFMS Imaging of Samples with Non-Horizontal Sur-
face” Mass Spectrometry 13(1): A0166—-A0166. DOL:
10.5702 /massspectrometry.A0166.

Y. Yang, (2024) “TSO Algorithm and DBN-Based Com-
prehensive Evaluation System for University Physical
Education.” International Journal of Advanced Com-
puter Science & Applications 15(10): DOI: 10.14569/
ijacsa.2024.0151045.

X. Zhang, (2024) “Research on the Application of Speech
Database based on Emotional Feature Extraction in In-
ternational Chinese Education and Teaching” Scalable
Computing: Practice and Experience 25(1): 299-311.
DOI: 10.12694/5Cp€.¥’25i1.2296.

S.Yin, H. Li, A. A. Laghari, T. R. Gadekallu, G. A.
Sampedro, and A. Almadhor, (2024) “An Anomaly
Detection Model Based on Deep Auto-Encoder and Cap-
sule Graph Convolution via Sparrow Search Algorithm
in 6G Internet of Everything” IEEE Internet of Things
Journal 11(18): 29402-29411. DOI: 10.1109/JIOT.2024.
3353337.

Q. Cai, Y. Lin, and Z. Yu, (2024) “Factors influenc-
ing learner attitudes towards ChatGPT-assisted language
learning in higher education” International Journal
of Human—-Computer Interaction 40(22): 7112-7126.
DOT: 10.1080/10447318.2023.2261725.

N. Rahman, A. Y. Hasda, and R. Niswaty, (2024) “Ef-
fectiveness of the Use of Mail Application Information
Systems at the Center for Security and Enforcement of
Environmental and Forestry Law in Sulawesi Region”
International Journal of Administration and Educa-
tion (IJAE) 1(1): 29-40. DOI: 10.70188/f4yj3q15.


https://doi.org/10.2298/CSIS231225025Y
https://doi.org/10.7906/indecs.22.3.3
https://doi.org/10.4018/979-8-3693-2193-5.ch004
https://doi.org/10.4018/979-8-3693-2193-5.ch004
https://doi.org/10.34306/att.v6i1.390
https://doi.org/10.1007/s13132-023-01693-z
https://doi.org/10.1007/s13132-023-01693-z
https://doi.org/10.4236/ajibm.2024.148054
https://doi.org/10.4236/ajibm.2024.148054
https://doi.org/10.1016/j.compeleceng.2024.109095
https://doi.org/10.1109/ACCESS.2024.3519177
https://doi.org/10.1007/s00500-024-09639-6
https://doi.org/10.1007/s00500-024-09639-6
https://doi.org/10.11591/ijece.v14i3.pp3116-3126
https://doi.org/10.5702/massspectrometry.A0166
https://doi.org/10.14569/ijacsa.2024.0151045
https://doi.org/10.14569/ijacsa.2024.0151045
https://doi.org/10.12694/scpe.v25i1.2296
https://doi.org/10.1109/JIOT.2024.3353337
https://doi.org/10.1109/JIOT.2024.3353337
https://doi.org/10.1080/10447318.2023.2261725
https://doi.org/10.70188/f4yj3q15

336

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

Zhenguo Xing et al.

J. Luo, S. F. Ahmad, A. Alyaemeni, Y. Ou, M. Irshad,
R. Alyafi-Alzahri, G. Alsanie, and S. T. Unnisa, (2024)
“Role of perceived ease of use, usefulness, and financial
strength on the adoption of health information systems:
The moderating role of hospital size” Humanities and
Social Sciences Communications 11(1): 1-12. DOI:
10.1057 /s41599-024-02976-9.

A.S. Almogren, W. M. Al-Rahmi, and N. A. Dahri,
(2024) “Exploring factors influencing the acceptance of
ChatGPT in higher education: A smart education perspec-
tive” Heliyon 10(11): DOI: 10.1016 /j.heliyon.2024.
e31887.

A. Syahbana, M. Asbari, V. Anggitia, and H. An-
dre, (2024) “Revolusi Pendidikan: Analisis Kurikulum
Merdeka Sebagai Inovasi Pendidikan” Journal of Infor-
mation Systems and Management (JISMA) 3(2): 27—
30. DOI: 10.4444 /jisma.v3i2.935.

A.Jisi, S. Yin, et al., (2021) “A new feature fusion net-
work for student behavior recognition in education” Jour-
nal of Applied Science and Engineering 24(2): 133—
140. DOI: 10.6180/jase.202104_24(2).0002.

H. Gong, Y. Li, J. Zhang, B. Zhang, and X. Wang,
(2024) “A new filter feature selection algorithm for classi-
fication task by ensembling pearson correlation coefficient
and mutual information” Engineering Applications
of Artificial Intelligence 131: 107865. DOT: 10.1016/j.
engappai.2024.107865.

S. Neelima, M. Govindaraj, D. K. Subramani, A.
ALkhayyat, and D. C. Mohan, (2024) “Factors influ-
encing data utilization and performance of health manage-
ment information systems: A case study” Indian Journal
of Information Sources and Services 14(2): 146-152.
DOI: 10.51983 /ijiss-2024.14.2.21.

E. Sivadasan, N. Mohana Sundaram, and R. San-
thosh, (2024) “Stock market forecasting using deep learn-
ing with long short-term memory and gated recurrent
unit” Soft Computing 28(4): 3267-3282. DOI: 10.1007/
s00500-023-09606-7.

A. Rahmadeyan. “Long short-term memory and
gated recurrent unit for stock price prediction”.
In: 7th Information Systems International Conference
(ISICO) 2023. 234. 2024. DOI: 10.1016/j.procs.2024.02.
167.

M. Namazi and G. Rezaei. “Modelling the role of
strategic planning, strategic management accounting
information system, and psychological factors on the
budgetary slack”. In: Accounting Forum. 48. 2. Taylor

& Francis. 2024, 279-306. DOI: 10.1080 / 01559982.
2022.2163040.

Y. E. Rachmad, A. A. Bakri, S. Irdiana, J. Waromi, and
A. A.]. Sinlae, (2024) “Analysis of the influence of finan-
cial information systems, internal control systems, and
information technology on quality of financial reports”
Jurnal Informasi Dan Teknologi: 266-271. DOI: 10.
60083 /jidt.v6i1.513.


https://doi.org/10.1057/s41599-024-02976-9
https://doi.org/10.1016/j.heliyon.2024.e31887
https://doi.org/10.1016/j.heliyon.2024.e31887
https://doi.org/10.4444/jisma.v3i2.935
https://doi.org/10.6180/jase.202104_24(2).0002
https://doi.org/10.1016/j.engappai.2024.107865
https://doi.org/10.1016/j.engappai.2024.107865
https://doi.org/10.51983/ijiss-2024.14.2.21
https://doi.org/10.1007/s00500-023-09606-7
https://doi.org/10.1007/s00500-023-09606-7
https://doi.org/10.1016/j.procs.2024.02.167
https://doi.org/10.1016/j.procs.2024.02.167
https://doi.org/10.1080/01559982.2022.2163040
https://doi.org/10.1080/01559982.2022.2163040
https://doi.org/10.60083/jidt.v6i1.513
https://doi.org/10.60083/jidt.v6i1.513

	Introduction
	Materials and methods
	Data preprocessing
	Feature selection based on improved RF algorithm
	Traditional feature vector construction
	Behavior feature vector construction
	Multi-feature fusion based on Pearson analysis
	GRU-LSTM prediction model

	University student employment forecast and result analysis
	Feature selection
	Parameter adjustment and model prediction
	Comparison results

	Conclusions
	Acknowledgements

