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Abstract This paper first establishes a hierarchical employment and entrepreneurship quality coordinated
development analysis system, through the use of time series ARIMA model and neural network LSTM model,
respectively, for short-term prediction of college students’ employment and entrepreneurship market dynamics
trends. In view of the prediction defects of a single model, this paper adopts the optimal weighted combination
prediction method to optimize the combination of two single models, obtains the ARIMA-LSTM combination
measurement model, and analyzes the application effect of the three models with actual cases. The results show
that the relative errors of single models ARIMA and LSTM in predicting the employment and entrepreneurship of
college students in the validation set are 9.52% and 10.13% respectively, and the R?is 83.0378 and 81.2749, which
shows that the predictive effect of the models is general. The ARIMA-LSTM combination model is significantly better
than the single model ARIMA and LSTM in terms of the accuracy and stability of the prediction of college students’
employment and entrepreneurship, at this time, the correlation indexes of the three models of ARIMA, LSTM and
ARIMA-LSTM are 0.8064, 0.7959 and 0.9773, respectively, which can be seen that the combination model can
effectively integrate the two single model s linear forecasting ability and nonlinear time series modeling advantages,
thus improving the accuracy and reliability of the ARIMA-LSTM model in predicting the dynamics of college students’
employment and entrepreneurship market trends.

Index Terms ARIMA model, LSTM model, ARIMA-LSTM model, Employment and entrepreneurship market trend

. Introduction

With the economic development and technological progress, the situation of college students' employment and
entrepreneurship is also changing [1], [2]. In this era, influenced by the Internet and digitalization, college students
should have excellent technological literacy, master and apply emerging technologies, and seek opportunities and
breakthroughs in employment and entrepreneurship, and a reasonable prediction of the dynamics of employment
and entrepreneurship market trends in this context can provide more references for college students' employment
and entrepreneurship [3]-[6].

In recent years, the situation of the employment market has undergone some unusual changes. On the one hand,
the number of college graduates is increasing year by year, and the competition is fiercer than ever [7]. On the other
hand, the demand for talents in many traditional industries is decreasing, while emerging fields need talents with
brand new skills [8]. Therefore, the employment situation of college students is facing greater challenges. In this
situation, college students not only need to have excellent skills and knowledge in specialized fields, but also need
to have cross-border and comprehensive qualities [9]-[11]. At the same time, the government and enterprises also
need to clarify their employment needs and strengthen the employment policy and guidance for college students
[12].

In the process of constantly adapting to change, college students can better realize the goals of employment and
entrepreneurship. With the emergence of many new fields in the past few years, it brings more opportunities for
college students' employment and entrepreneurship [13]. Among them, the most notable one is the Internet industry.
From Internet entrepreneurship, data analysis, online media, e-commerce technology and mobile applications, to
innovative technologies such as artificial intelligence, virtual reality, blockchain and drones, all of them provide brand
new employment and entrepreneurship opportunities for college students [14]-[17]. In addition, new agriculture,
new manufacturing, new logistics and new energy industries have emerged, many of which require a great deal of
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expertise and practical experience [18], [19]. These above development trends have important reference value for
the fledgling college students.

This paper first establishes a hierarchical employment quality coordinated development indicator analysis system
containing five primary indicators, eleven secondary indicators, and twenty-seven tertiary indicators. After that, the
ARIMA time series model and the LSTM neural network model are introduced respectively, and the simulation
prediction effect of the two single models on the dynamic trend of college students' employment and
entrepreneurship market is analyzed. Subsequently, this paper also combines and optimizes the ARIMA model and
LSTM neural network model through the optimal weighted combination prediction method, and obtains the
combination measurement model ARIMA-LSTM based on the college students' employment and entrepreneurship
index, as well as the principle of its construction and calculation formula. The root mean square error is explicitly
used in the experiment to compare the simulated valuation effects of the combination model and each single model
on the elements of college students' employment and entrepreneurship, and to test the reasonableness of
constructing the ARIMA-LSTM combination model, so as to accurately predict the dynamic trend of the college
students' employment and entrepreneurship market.

Table 1: The selection results of specific employment quality indexes

Primary indicator Secondary indicator Tertiary index Index direction
Development and . »
. Employment elasticity Positive
The environment employment
of employment Urban and rural income gap Negative
and Employment fairness Income gap of individual ownership of urban units Negative
entrepreneurship Proportion of women in urban and urban units Positive
Labor market segmentation The proportion of local hukou to the local hukou Positive
The average person is affected by education Positive
Education level College employment ratio Positive
The ability to Undergraduate and above employment Positive
work and start a Primary vocational certificate acquisition rate Positive
business . . Rate of classification of intermediate vocational certificate Positive
Vocational skill - — — —
Professional certificate acquisition rate for technicians, advanced, Positive
itiv
senior technicians
The average disposable wage income of residents Positive
Average wage growth Positive
Wage level . "
Minimum wage Positive
. The total amount of wages is the proportion of GDP Positive
Remuneration of . - "
labor Participation rate of urban endowment insurance Positive
Medical insurance participation rate Positive
Social security Participation rate of inductrial injury insurance Positive
Unemployment insurance participation rate Positive
Fertility insurance participation rate Positive
The ratio of the case to the case of arbitration Negative
. Settlement ratio Positive
Labor relation - - -
. The membership of the union members occupies the employment "
Labor protection i . Positive
ratio of the urban units
Occupational disease Negative
Labor safety — -
Employee injury rate Negative
Government Employment service Occupational guidance Positive
service Business service The number of entrepreneurial services Positive

ll. Construction of ARIMA and LSTM models based on university students' employment
and entrepreneurship

Il. A.Indicator system of employment and entrepreneurship for university students

For the measurement of employment quality, this paper, based on the availability of data, the relevance and

simplicity of the index system, and the combination of previous research, screens and identifies the indices that

most directly reflect the quality of employment, and establishes the employment quality index system. The
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employment quality index system established in this paper consists of five major first-level indicators, which are:
employment environment, employability, labor remuneration, labor protection, and government services.

The first-level indicators of employment environment include three second-level indicators of economic
development and employment, employment equity, and labor market segmentation; employability is divided into
two second-level indicators of education level and vocational skills; labor remuneration is measured
comprehensively by two second-level indicators of wage level and social security status; labor protection includes
two second-level indicators of labor relations and labor safety; and government services are embodied in the
aspects of employment services and entrepreneurship services.

Accordingly, this paper establishes an employment quality evaluation system with five first-level indicators, eleven
second-level indicators and twenty-seven third-level indicators, and the results of the selection of specific
employment quality indicators are shown in Table m

Il. B.ARIMA prediction model and theory
Il. B.1) Analysis and definition of the ARIMA model
The ARIMA model [20] consists of three components, namely autoregressive (AR), difference (I) and moving
average (MA), which have the following meanings: AR denotes autoregressive; | denotes a single integer; and MA
denotes a moving average model.

(1) AR model

AR model means that the value of the current time series is only determined by the value of the past time series.
The mathematical expression is as follows:

Wi =0y+t a1 Yty ottt ey, tE (1)

where «, denotes the constant term, «,a,-«, denotes the coefficients of the autoregressive terms of each

order, ¢, denotes the sequence of white noises that are independent of each other, y, denotes the current
predicted value,and j .y, ,,.-y,_, denotes the time series values at past moments. From the above equation,
it can be seen that the AR model is determined only by the previous time series values and residuals. The
autoregressive model is one of the simpler models in the time series model, and is used relatively frequently in
practical applications, and is often used as a comparison model.

(2) MA model

MA model has nothing to do with the previous time series value, it is a linear model to predict the current value
by using a linear combination of the weighted average of the current ¢, and the random errors {¢,} of the past

g moments, the mathematical expression can be expressed as:

Vo= E O, 0, (2)
where ¢ is said to be the order moving average model, denoted as the .4(q) model, where ¢,,¢,..-9, are the
moving average coefficients, and {¢,} is the sequence of random disturbing terms in different periods. When
6, =0, itis called the u4(q) model.

(3) ARMA model

The ARMA model is a new model obtained by recombining the AR model and the MA model. This model is a
linear model in which previous time series values and residual series are combined. The mathematical expression
can be expressed as:

Y=oty gty .ty , T E By — Bagig e — ﬂqgt—q (3)

P is the autoregressive order and ¢ is the sliding average order, which is abbreviated as the 4rm4(p,q)
model. Where 4,a,.a,....a

(4) ARIMA model

AR, MA, ARMA models are all applicable to smooth stochastic processes, but most of the time series obtained in

our practical work are non-smooth series. In order to solve the non-stationary series thus appear ARIMA model,
ARIMA model can be regarded as the ARMA model after differencing, the mathematical expression of the model is:

, and p g, ... p, areparameters.

®(B)\Vy, =0 (B)e, 4)

4616



[

Dynamic Forecasting Analysis of College Students' Employment and Entrepreneurship Market Trends Based on Long and Short-Term Memory Network Moaeis

where d is the difference order, ®(B)=1-#B—--~¢,B” denotes the autoregressive coefficient polynomial, and

&(B)=1-4B—-—6,B" denotes the moving smoothing coefficient polynomial.

Il. B.2) Construction of the ARIMA model
The construction steps of ARIMA model can be divided into several steps: time series smoothness detection, non-
smooth series processing, pattern recognition, model optimization and model testing:

(1) Smoothness detection of time series

The detection of smoothness is to determine whether the current time series in the subsequent period of time to
the existing trend continues, if the current time series in the future period of time to have this trend, then its research
and analysis is meaningful. Smooth time series is the mean, variance, covariance and other statistical properties
are constants; smoothness of the test methods are mainly graphical test method and ADF single root test.

Graphical test is to observe the plotting of the time series of the time series, if the time series is around a mean
value of random fluctuations up and down, it proves that the series is a smooth series, if you find that the changes
in the series of curves without a fixed trend, the mean, the variance of the change, then it can be concluded that the
series is non-smooth series.

ADF single-root test is the first assumption that the sequence is the existence of a unit root, if the test statistic
value obtained through the ADF test is much less than 1% of the corresponding critical value, then it can be shown
that the time series is smooth.

(2) Non-stationary series processing

Through the time series of the smoothness of the test, if the time series is non-smooth, then the difference
operation.

(3) Pure randomness test

After the smoothness test, the time series also need to carry out a pure randomness test (also known as white
noise test), is to check the time series to determine whether there is no correlation between the time series, the
historical value of the time series has an impact on the future value. If the past historical value of the time series
does not have the slightest impact on the future development trend, it means that the time series has no research
value, and the construction of the model can be terminated.

(4) Model Identification

Pattern recognition is the process of choosing a model that better fits the trend of the time series from among the
AR, MA, and ARMA models, the specific process is to use the nature of the autocorrelation coefficients and partial
autocorrelation coefficients to determine the autoregressive model should be chosen if the partial autocorrelation
function is truncated at p while the autocorrelation function tends to be zero 4 r (p); if the autocorrelation function

is truncated at ¢, and the value of the bias correlation function tends to zero, then the mobile regression wm4(q)

model should be selected; if neither the autocorrelation nor the bias correlation function is truncated and the values
of the functions tend to zero, thenthe 4rMm4(p,q) model should be selected.

(5) Model Optimization

Model optimization is generally through the comparison of AIC value and BIC value, and then select the optimal
model.

In general, AIC is defined as:

AIC =2k -21n(L) )]

where k is the number of model parameters and L is the likelihood function.
In general, the BIC is defined as:

BIC = klIn(n)-21In(L) (6)

where K and L have the same meaning as AIC and , is the sample size.

The AIC criterion is used to obtain the optimal parameters of the model by finding a balance between the
complexity of the model and the likelihood function, while the expression of BIC increases the number of samples
on top of AIC, which prevents the case when the number of samples is too large in order to improve the accuracy,
thus increasing the complexity of the model. So it is said that the BIC criterion is more suitable for the case of large
sample capacity.

(6) Model Testing

Model testing is to carry out significance testing and parameter testing of the model.
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The significance test of the model is to check whether the model can fully explain the correlation of the time series,
if the residual series of the time series is white noise series, it passes the test, otherwise it needs to re-fit the model,
and then validate the model.

The model parameter test is to make the model most streamlined by removing those dependent variables that do
not have a significant impact on the results.

(7) Model Prediction

Input the time interval to be predicted for prediction analysis.The ARIMA model construction process is shown in

Figure 1.
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Figure 1: The arima model builds the flowchart
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Il. C.LSTM Neural Network
The Long Short-Term Memory (LSTM) neural network model [21] is a variant based on Recurrent Neural Networks
(RNN). While RNNs can only have short-term memory due to gradient vanishing, LSTM solves the gradient
vanishing problem by introducing well-defined memory units and gate structures.

The following are the principles related to long and short term memory neural networks:

There are three inputs to the implicit layer of the LSTM neural network, namely the unit state ¢,_, at the previous

moment, the output value s, at the previous moment, and the current input value x, .

The management control of the cell state . is the key for LSTM neural network to be able to remember the
information for a long period of time, and LSTM realizes this control by introducing three gate structures: forgetting
gate, input gate, and output gate.

(1) The forgetting gate is used to control the saving of information to the current unit state ¢ that needs to be
saved in the unit state ¢,_, of the previous moment, the expression is:

S =Wy [5,0.%1+by) (7)

where p, is the weight matrix of the forgetting gate, » is the sigmoid activation function of the forgetting door,

b, s the offset of the forgetting door, x, is the input of the current moment, s,_, is the unit state of the previous

t
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moment, and the final £, is the value of a [0,1],if f, =1 means that all the unit states of the previous moment
are remembered, and if f, =0 The value of f, is generally (0,1), and only the information that needs to be

saved in the unit state at the previous time is remembered.
(2) The input gate controls how much information about the input x, of the current moment is stored in the

current cell state ¢, with the expression:
i, = G(Wi-[s,fl,xt]wtbl-) (8)

where W, is the weight matrix of the forgetting gate, » is the sigmoid activation function of the forgetting gate,
b is the bias of the forgetting gate, x, isthe inputof the current moment, s,_, is the state of the unitin the previous
moment, and the last obtained i, isavalueof [o,1],if i =1 indicates that all the inputs at this time are memorized,
on the contrary, if i =0, it indicates that all the inputs at this time are forgotten, and the value of ; is generally
(0,1), which is only the information that needs to be saved in the inputs at this time is memorized.

(3) Getting the candidate value vector ¢ of the current unit state is the prerequisite to get the current unit state
¢, and the expression of ¢ is:

¢, = tanh (W -[s,,x,]+ bc) ®

where W, is the weight matrix of the oblivious gate, tanh is the activation function of the oblivious gate, 5. is
the bias of the oblivious gate, x, is the input at the current moment, s,_, is the cell state at the previous moment,
and finally, ¢ is obtained as a value of [o,1].

(4) The expression for the current cell state ¢ is as follows:

¢ =fFe i *e (10)

where ¢_, is the last moment unit state, ¢, i, f, is the value of the current moment, and all can be obtained by

the above formula, you can integrate the current memory and long-term memory and together to get the current
unit state .

(5) The output gate controls the amount of information saved in the current output s, in the current unit state ¢,
the expression is shown below:

0t=J(W0-[S,71,xt]+ba) (11)
s, = o0, *tanh(c,) (12)

where W, is the weight matrix of the oblivion gate, - is the sigmoid activation function of the oblivion gate, 5,
is the bias of the oblivion gate, x, is the input of the current moment, s,_, is the state of the cell in the previous
moment, and the final o, obtainedis a [o,1] value, and finally, the current moment is integrated with the output
gate to obtain the output s,. cell is integrated with the o, obtained from the output gate to get the current moment
output .

Il. D.ARIMA and LSTM models for predicting college students' employment and entrepreneurship

Il. D.1) Data sources and processing

First build a PyTorch environment, and then normalize the time series data, using the MinMaxScaler class in the
sklearn.preprocessing module to scale the data to within the [-1,1] value range. The purpose of the scaling is to

narrow down the influence weights of each feature, as well as to avoid the problem of gradient disappearance and
gradient explosion for long time training, and to improve the accuracy. And the input and output columns of the
training and validation sets are divided into » and ), and the input columns are converted into three-dimensional

arrays. The input data format should be converted to [samples, timesteps, features], samples denotes the number
of data, timesteps denotes the input step size, features denotes the number of features of the data.

Il. D. 2) Analysis of the prediction results of the LSTM model

An LSTM layer is created using nn.Module in PyTorch and the loss function is trained. The LSTM model training

fitting results and loss values are shown in Fig. @ where (a) and (b) represent the training fitting results and loss

values respectively. The model is trained using the training set and validated using the validation set. The root mean
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square error (MSE) is used as the loss function to train for 150 iterations. The optimizer function is chosen to be the
adam optimizer. It can be seen that the root mean square error of the loss function is gradually decreasing during
the training process.
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Figure 2: LSTM model training fitting results and loss values

The trained LSTM model is used to predict and evaluate the indicators on the data in the validation set, and the
results are inverse normalized to reduce the data to the range of values of the original data, and Figure 3 shows
the results of the LSTM model for predicting the time series. It can be found that the LSTM model has a large error
in predicting the time series results.
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Figure 3: The LSTM model predicts the timing results

Il. D. 3) Analysis of prediction results of ARIMA and LSTM models

The constructed ARIMA and LSTM models were used to predict the employment and entrepreneurship of 776
college students from five highly efficient universities in M province in 2023-2024, and the number of employment
and entrepreneurship were 452 and 324, respectively. The fitting and prediction effects of ARIMA and LSTM models
were evaluated using the indicators RMSE, MAE and R2.The results of the comparison of the prediction of ARIMA
and LSTM models are shown in Table 2; the results of the comparison of the evaluation of ARIMA and LSTM models
are shown in Table ﬂ The ARIMA model and LSTM model are used to predict the monthly employment number of
college students' employment and entrepreneurship in the validation set, and compared with the actual value. From
the prediction effect, the relative error of the validation set predicted by the LSTM model in the number of college
students' employment and entrepreneurship employment is 10.13%, which is larger than the relative error of the
ARIMA model of 9.52%, which indicates that the prediction effect of the ARIMA model is better, and all the indexes

in the training set and validation set of the ARIMA model are better than those of the LSTM model.
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Table 2: The ARIMA and LSTM models predict the comparison results

ARIMA LSTM
Date Actual number Forecast . Forecast .
) Absolute error | Relative error ) Absolute error | Relative error
population population
2021.9 46 57 -11 7.07 51 -5 7.84
2021.10 19 13 2 40.83 30 -11 108.77
2021.11 25 16 9 23.86 27 -2 7.73
2021.12 21 14 7 28.35 24 -3 29.56
2022.1 43 37 6 13.06 23 20 100.45
2022.2 46 45 1 30.8 40 6 38.95
2022.3 68 75 -7 22.69 62 6 39.67
20224 93 97 -4 34.63 98 -5 9.37
2022.5 103 89 14 79.65 108 -5 26.47
2022.6 98 74 24 206.48 94 4 5.11
2022.7 102 137 -35 267.16 73 29 151.88
2022.8 37 49 -12 45.22 51 -14 35.3
2022.9 34 26 8 4.38 30 4 5.05
2022.10 11 7 4 24.51 30 -19 131.12
2022.11 11 17 -6 22.36 27 -16 75.7
2022.12 19 15 4 13.48 24 -5 17.84
Tot 776 768 4 9.52 792 -16 10.13
Table 3: ARIMA and LSTM model evaluation comparison results
Training set Verification set
Model
RMSE MAE R? RMSE MAE
LSTM 20.6402 18.494 81.2749 15.2018 9.6286
ARIMA 16.2712 13.8231 83.0378 13.7565 8.2548

lll. Construction of ARIMA-LSTM combination model and application effect

lll. A. Constructing the combined ARIMA-LSTM model

Based on the confirmation that the two single models, ARIMA time series and LSTM neural network, can effectively
simulate college students' employment and entrepreneurship data, in order to further improve the simulation
accuracy of the relevant college students' employment and entrepreneurship data and reduce the prediction error
of the dynamic trend of the college students' employment and entrepreneurship market, this paper adopts the
optimal weighted combination forecasting method to optimize the combination of ARIMA and LSTM models, so as
to obtain a more reliable and objective combination model. According to the simulation results of ARIMA and LSTM
single models, and the actual values of relevant college students' employment and entrepreneurship data, this paper
adopts the optimal weighted combination prediction method to optimize the combination of ARIMA and LSTM neural
network models, so as to obtain a more reliable and objective combination model, and to effectively improve the
simulation accuracy of college students' employment and entrepreneurship factors.

The purpose of constructing ARIMA-LSTM combined model [22], [23] is to improve the prediction accuracy of
college students' employment and entrepreneurship simulation as much as possible by comprehensively utilizing
the information provided by each single model, and theoretically, this combined model can realize a more
comprehensive and systematic consideration of the problem than a single model.

The method of determining the weighting coefficients of each single model in the ARIMA-LSTM combined
prediction model constructed in this paper: based on the combined model of college students' employment and
entrepreneurship data simulation and prediction results of the minimum error sum of squares criterion, the weighting
coefficients of each single model are derived through the form of linear equations. The resulting combined
measurement model using ARIMA model and LSTM neural network model better simulates and predicts the
dynamic change trend of college students' employment and entrepreneurship market, and improves the simulation
and prediction accuracy by comprehensively utilizing the information provided by multiple single models.

Constructing the ARIMA-LSTM combination model

Let A and L be the simulated prediction values of college students' employment and entrepreneurship
elements by ARIMA model and LSTM neural network model respectively, and Y be the prediction value of the
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optimal combination, and their simulated prediction errors are E,, E,, and E,, respectively. According to the

principle that the minimum of the sum of squares of prediction errors is the optimal principle, i.e., letting E = ZE§
to take the minimum of is optimal, K, and K, are the corresponding weight coefficients (x, + k, =1), then we

have the following formula for £ and Y.
E,=K,*E,+ K, *E, (13)
Y =K, A+K,L (14)
In the above equation, the equations for X, and K, are calculated as:

K, =1-K, (15)

D (- EDE,

K =—%&=~_°~ "~
© D (E-EY

(16)

RMSE = ii(y—)))z ’ (17)
N = i i

By determining the weight ratios of two single college student employment and entrepreneurship factor
measurement models, ARIMA time series and LSTM neural network, in the optimal combination model, the
simulated prediction values of the ARIMA-LSTM college student employment and entrepreneurship assessment
index combination measurement model on the time series of the dynamic trend of change in the employment and
entrepreneurship market are weighted.

In order to further quantitatively compare the valuation results of the ARIMA-LSTM combination model with those
of each single model, this paper uses the root mean square error (RMSE) to test and compare the valuation effects
of the ARIMA-LSTM combination model and the two single models, in order to validate the reasonableness of the
combination model constructed in this paper, and to reduce the prediction errors of the comprehensive index of
assessment of employment and entrepreneurship of college students.

lll. B. Analysis of the prediction effect of ARIMA-LSTM models

In order to further assess the advantages and disadvantages of ARIMA model, LSTM model and ARIMA-LSTM
combination model in the prediction of college students' employment and entrepreneurship, the prediction results
of the combination model and the results of the error analysis of the three models are presented in Figures éﬂ and
5, respectively. From the figures, it can be observed that under the same conditions, compared with the ARIMA
model and LSTM model, the volatility of the combined ARIMA-LSTM model in time series forecasting is very
obviously smaller than the other two models. This result suggests that the combined model may have better stability
and forecasting accuracy in dealing with time series data.
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Figure 4: The prediction of the composite model
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Figure 5: The results of the error analysis of the three models

To further verify whether the performance of the combined model exceeds that of the single model, the
performance of the three models on their respective key evaluation metrics is compared in detail. The results of the
evaluation indexes of different models are shown in Table W From the analysis of the data in the table, it can be
seen that the combined ARIMA-LSTM model is highly significantly better than the separate ARIMA and LSTM
models in terms of both mean error and confidence interval, while the difference in correlation coefficients among
the three models is small. This result indicates that although the performance of the three models in capturing the
correlation of the time series data also differs greatly, the combined model performs better in reducing the prediction
error, and the accuracy of the correlation coefficient of the ARIMA-LSTM model reaches 97.73%, and the effect is
closer to the real value in terms of the stability and accuracy of the prediction.

Table 4: Results of evaluation of different models

Model name Error mean Confidence interval Correlation coefficient
ARIMA 5.2728 (5.2,8.5) 0.8064
LSTM -8.3044 (30.4, -18.3) 0.7959
ARIMA-LSTM 3.0001 (-0.5, 0.5) 0.9773

In order to verify the generalization ability of the model, taking Henan Province as an example, the model was
used to predict 4741 students in 7 schools in the province, and the prediction results of college students'
employment and entrepreneurship in some universities in Henan Province are shown in Table 5; the results of
evaluation indexes of different models are shown in Table [§. It can be seen that the prediction effect of the combined
model in college students' employment and entrepreneurship in other provinces is better than that of the ARIMA
model and the LSTM model, especially the correlation index of the combined model (0.9908) is higher than that of
the single models of ARIMA and LSTM by 0.2187 and 0.2537, respectively.

Considering the evaluation indexes together, it can be concluded that the combined ARIMA-LSTM model is
significantly better than the single ARIMA and LSTM models in terms of accuracy and stability in predicting college
students' employment and entrepreneurship. This combined model effectively integrates the linear forecasting
ability of the ARIMA model and the nonlinear time series modeling advantage of the LSTM model, thus improving
the accuracy and reliability of forecasting. As a result, the combined ARIMA-LSTM model exhibits better
performance when dealing with complex time series forecasting problems and provides a more effective method for
forecasting.

Table 5: The results of students' employment entrepreneurship

School name True value Predictive value Error
Beijing University 700 699 1
Nanjing university 670 671 -1
Zhejiang university 681 681 0
Zhongshan university 656 653 3
Shanghai jiaotong university 689 689 0
Beijing university of aeronautics and astronautics 668 669 -1
science and technology university of China 677 675 2
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Table 6: Different model evaluation results

Model name Error mean Confidence interval Correlation coefficient
LSTM -21.5555 (-27.3,13.7) 0.7371
ARIMA 19.4026 (-12.9,24.6) 0.7721

ARIMA-LSTM -0.3489 (-0.3,0.1) 0.9908

IV. Conclusion

In this study, we first constructed the evaluation index system of college students' employment and entrepreneurship,
proposed a combined measurement model of college students' employment and entrepreneurship index of ARIMA-
LSTM, and compared and analyzed the prediction results of the single model and combined model of ARIMA and
LSTM.

(1) The effect of ARIMA model fitting and prediction is better than LSTM model, but the relative error of both
models in predicting the dynamic trend of college students' employment and entrepreneurship market is larger,
especially the relative error of LSTM model prediction is more than 10%, which shows that the effect of two single
models in college students' employment and entrepreneurship prediction is general.

(2) The experimental results in the application of college students' employment and entrepreneurship prediction
show that the combined model has extremely significant advantages in improving the prediction accuracy and model
stability, and at this time, the correlation coefficient accuracy of the ARIMA-LSTM model reaches 97.73%, which
provides an effective solution for college students' employment and entrepreneurship, as well as for other time
series prediction tasks.
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