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ABSTRACT 
With the deterioration of the global economic situation and the stagnation or regression of the 
development of enterprises, the problem of college students' employment and entrepreneurship has 
been particularly prominent in recent years, and it is also one of the key points that can not be ignored 
in carrying out economic construction. The article realizes the prediction of college students' 
entrepreneurship and employment market trends based on ARIMA-LSTM by designing the ARIMA 
algorithm model and combining it with the LSTM model architecture, taking the college students' 
entrepreneurship and employment data from 2010 to 2022 as the research data, and using two 
evaluation indexes, namely, the mean absolute percentage error (MAPE) and the root mean square 
error (RMSE), to predict the results. Evaluation. From the analysis results ARIMA model prediction fit 
is high. Comparing the prediction results of the combined model with those of the LSTM model and 
the ARIMA model, the comparison results show that the combined model constructed in this paper 
can effectively fit the linear and nonlinear intertwined and superimposed trends of the time series 
compared with a single model, and the relative error of prediction is smaller at 33.78, which makes 
the results more accurate. The combined model can help the management department related to 
college students' employment and entrepreneurship make reasonable decisions and improve 
efficiency. 
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1. Introduction 

At present, youth employment has become a common problem in China and even in the world, but 
they are also the main force of innovation and an important force for social development. Therefore, 
youth groups, especially college students, are a force that cannot be ignored in practicing the concept 
of “mass entrepreneurship and innovation” [1-2]. Entrepreneurship refers to the process in which a 
person discovers and captures an opportunity and creates a new product or service from it, and the 
main symbol and characteristic is the creation of a new enterprise or a new organization. The social 
concept in the past is that entrepreneurship is something done by a few social elites, and 
entrepreneurs should have resources and conditions that ordinary people do not have. But in fact, the 
history of the development of human society is a history of mass entrepreneurship, and many major 
scientiϐic and technological inventions have been accomplished by ordinary skilled workers [3-5]. 
“Mass entrepreneurship” is intended to provide entrepreneurial opportunities for all entrepreneurial 
willingness, whether it is a highly educated scientiϐic and technological workers, college students, or 
rural migrant workers can get the opportunity to start their own business [6]. 

Innovation is the recombination of production factors, the core of innovation is technological 
innovation, but also includes institutional mechanism innovation, management innovation and model 
innovation. Scientiϐic invention and creation is innovation, the adoption of new products, the use of 
new production methods, the opening of new markets and so on also belong to the scope of innovation 
[7-8]. Innovation cannot be separated from talent support, innovation drive is ultimately talent drive, 
talent is the ϐirst resource for realizing innovation and development, and we should let talents with 
dreams and abilities give full play to their talents and potentials [9-10]. Youth groups are the main 
force of innovation and entrepreneurship, and college students are the pioneers of innovation and 
entrepreneurship. College students have a strong ability to accept new knowledge and new things, and 
a strong desire for knowledge and curiosity. They have not experienced too many bumps in life, often 
full of conϐidence in the future, and more daring to think and ϐight [11-12]. At the same time, they have 
mastered more systematic professional knowledge in their college studies and have leading scientiϐic 
and technological advantages and entrepreneurial ideas. Mass entrepreneurship and innovation of all 
people support each other, entrepreneurship must be built on the basis of innovation, and only 
entrepreneurship that has experienced innovation is entrepreneurship in the true sense of the word 
[13-14]. 

College graduates are a dynamic and creative group, and also a valuable human resource in the 
society. At present, the sharp growth in the number of college graduates far exceeds the growth in the 
number of social jobs, and the employment situation of college students is becoming more and more 
serious, which has become one of the focuses of attention of the whole society [15-16]. In order to 
solve the problem of difϐicult employment of college students, the relevant departments have 
introduced a series of policies and measures in an attempt to create more jobs, while encouraging 
entrepreneurship to promote employment. Therefore, it is necessary to analyze the characteristics of 
college students' employment, and then put forward corresponding countermeasures to help college 
students better employment [17-18]. 

Literature [19] empirical examination revealed that students' entrepreneurial intention and 
entrepreneurial education effects showed differences in gender, entrepreneurial experience, and 
family background, where entrepreneurial education and entrepreneurial self-efϐicacy promoted 
entrepreneurial intention. Literature [20], based on related studies, clariϐied that entrepreneurial self-
efϐicacy mediates the relationship between entrepreneurship education and entrepreneurial intention. 
Literature [21], based on data from the Entrepreneurial Inϐluence Questionnaire Scale of the 
University of Kosovo, learned that individuals' attitudes and behavioral content towards 
entrepreneurship signiϐicantly inϐluence entrepreneurial intentions. Literature [22] suggested that 
students' personality traits, self-efϐicacy, and entrepreneurial attitudes could be used to predict 
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students' entrepreneurial behaviors and entrepreneurial intentions, whereas nationality and social 
identity did not have a signiϐicant predictive effect through empirical investigations. Literature [23] 
analyzed the demographics related to students' entrepreneurial intention and pointed out that males 
and students with entrepreneurial family background showed higher entrepreneurial intention. 
Literature [24] afϐirmed the positive role played by the theory of entrepreneurial personality traits in 
predicting the entrepreneurial behavior of students and corroborated it through an empirical 
approach. Literature [25] used the social cognitive approach of the Theory of Planned Behavior (TPB) 
and the motivational organism theory pair of the Self-Determination Theory (SDT) to explain the role 
of students' autonomy, competence, and kinship psychological needs exerted on entrepreneurial 
intentions in the form of attitudes, subjective norms, and perceived behavioral control. The above 
research mainly studied students' entrepreneurial trends at the individual level, and the main 
inϐluencing factors include family background, gender, and entrepreneurial education, etc., with little 
mention of the objective market environment and other elements, and the research on the prediction 
of students' entrepreneurial trends at the macro-market level is rare, so there is a need to improve the 
relevant aspects of the research. 

The article proposes a prediction algorithm based on ARIMA-LSTM. Firstly, an ARIMA model is built 
and used to ϐit the linear trend in the series, and the model is validated and ϐitted in the data by using 
the data of college students' employment and entrepreneurship from 2010 to 2022 as the research 
data to observe its forecasting effect. Then the ARIMA-LSTM combined forecasting model was 
constructed based on the ARIMA model and the LSTM forecasting model, and the forecasting results 
of the combined model were evaluated using the mean absolute percentage error and the root mean 
square error, and the forecasting results of the combined model were compared and analyzed with the 
forecasting results of the LSTM model and the ARIMA model, respectively. 

2. Time-series analysis of market trends in entrepreneurship among university 
students 

2.1. Trend Forecasts for the Entrepreneurship Market Based on ARIMA Modeling 

The following modeling steps are often followed when performing ARIMA modeling on time series, as 

shown in Figure 1. 
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Parameter estimation
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Fig. 1. Flowchart of arima model 
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2.2. Trend Forecasting for the Entrepreneurship Market Based on LSTM Modeling 

2.2.1. LSTM model. LSTM models have good long-term dependencies in time-series based tasks, and 
the main advantage of LSTM over RNNs is its ability to memorize patterns over long periods of time 
because its high-level structure relies on feedback connections [26]. LSTM uses multiple gates as 
storage units to manage inputs and outputs within the network structure, instead of the traditional 
hidden layer with nonlinear activation architecture, LSTM has a complex hidden layer containing many 
parameters compared to a traditional RANN. 

At time t , the current input element x , and the input of the hidden state produced in the previous 
step 1th  3, the network can map a sequence of inputs tx  into a sequence of outputs ty , each ty  
depending on all previous 1t

x , with the following recursive relationship: 

  1t h t i t hh w h u x b     (1) 

  0 0t ty u h b   (2) 

In Eqs. (1) and (2)   is the activation function, hb  and 0b  are the applied deviations, and iu , 

hw  and 0u  are the layer weight values. 
The main difference between LSTM networks and RNN networks is that LSTM networks use gates 

that are not recursive hidden neurons. These gates have a self-connection at the next time step and 
have a decision unit that controls memory clearing and the gates control the ϐlow of information within 
the network. There are various types of gates; forgetting, input and output. The forgetting gate obtains 
the usefulness of the information and decides to remove the useless information from the cell state, 
this decision has two main forms: one for clearing the previous cell state and one for keeping the 
previous cell state. Its expression formula is as follows: 

  1t f t f t fF U x w h b     (3) 

After that, the decision is made to store the information in the cell state. This decision is executed 
through two gates: the ϐirst is an input gate that determines useful information for updating the cell 
state; while the second is an activation gate that applies an tanh   activation function on the 
information to update state tc . 

The LSTM model differs from the traditional neural network model in that the basic unit of the 
hidden layer is called the Mem-ory Block, and the structure of the memory block is shown in Figure 2: 
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Fig. 2. LSTM Model memory block structure 

In the ϐigure, the following three gates are included: input gate  i , output gate  o  and forgetting 
gate  f  , memory cell  c  ,    symbols represent the addition of two vectors,    symbols 
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represent the dot product of two vectors,    is the sigmoid activation function, and tanh   is the 
hyperbolic tangent activation function, and the computational formulas are as follows, respectively: 

 
1

( )
1 x

x
e

 


 (4) 

 tanh( )
x x

x x

e e
x

e e









 (5) 

The LSTM network model with its input to output speciϐic formula is as follows: 

   1,t f t t ff w S x b    (6) 

   1,t i t t ii w S x b    (7) 

   1,t o t t oo w S x b    (8) 

   1tanh ,t c t t cc w S x b   (9) 

 1t t t t tc f c i c     (10) 

  tanht t ts o c   (11) 

In equations (6) to (11) above, the "  " symbol is the dot product of two or two vectors; fw  is the 
forgetting gate, iw  is the input gate, ow  is the output gate, and cw  is the weight value vector of the 
memory unit. fb , ib , ob  and cb  are the offset vectors of the forgetting gate, the input gate, the 
output gate and the memory unit, respectively; x  represents the input value of the network value at 
time t . 

2.2.2. LSTM modeling steps. The use of LSTM model for univariate time series prediction, ϐirst need 
to set the neuron structure of the LSTM model, and then use the hyper-parameter tuning method to 
optimize the hyper-parameters of the LSTM, and then choose the Bayesian optimization algorithm to 
optimize the hyper-parameters, this is because like genetic algorithms and particle swarm algorithms 
they need a sufϐiciently large number of initial sample points and the optimization efϐiciency can not 
be guaranteed. When the optimal hyperparameters are obtained, the LSTM model is constructed 
according to the optimal parameters, and then the optimized LSTM model is run in the test set to make 
predictions and get the predicted market trend of college students' employment and entrepreneurship. 
The modeling ideas are as follows: 
1) Data preparation, data preprocessing; 
2) Divide the training set and test set; 
3) Build the .LSTM model on the training set, initially design the number of network layers of LSTM, 
loss function, choose Adam as the optimizer, set the initial parameter of the time window width to 12, 
and use the college employment and entrepreneurship market trend of the previous 12 months to 
predict the college employment and entrepreneurship market trend of the next year, for example, by 
the college employment and entrepreneurship market trend from June to December 2015, the predict 
the July 2016 college student employment and entrepreneurship market trend. 
4) Optimize the supercalculus in the LSTM model based on Bayesian optimization algorithm to get the 
best hyperparameters. 
5) Train the BO-LSTM model in the training set to get the ϐinal model. 
6) Put the ϐinal model in the test set for prediction and judge it with the three metrics of RMSE, MAE, 
and MAPE. 

In deep learning, according to previous studies, it is found that different data sizes in the dataset 
will have some effects on the prediction effect of the data. Therefore, in order to eliminate the inϐluence 
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of the data magnitude, the data are usually standardized before using them, i.e., the data are scaled to 
fall into a small speciϐic interval, so that the data are in the same magnitude. The next three commonly 
used standardization methods are introduced. 
1) Min-Max standardization. Min-Max normalization is a linear variation for the original data that 
maps the values in  1,1 . Noting the original sequence  1 2, , ,

T

TA a a a  , ϐind the maximum value 

maxa  and the minimum value mina  of it. For ia  satisfying 1 i T  , the following formula is used: 

 
 max min

max min

2* i
i

a a a
a

a a

 



 (12) 

Denote the normalized factor as  1 2, , , TA a a a      . For ease of presentation, deϐine the above 
normalization process as a function  Norm : 

  A Norm A   (13) 

2) Z-score normalization. Z-score normalization is based on the mean and standard deviation of the 
data to be processed, applicable to the original sequence of the most value of the unknown and there 
are outliers beyond the range of values. Remember the original sequence  1 2, , , nX x x x  , whose 
mean is   and standard deviation is  . For ix  which satisϐies 1 i n  , the formula is as follows: 

 i
i

x
x



   (14) 

In machine learning, the premise is that the data need to meet the independent distribution, so 
generally through the Z-score standardization is the data can obey the normal distribution. Neural 
network is different from machine learning, in its network structure, each layer has its own inputs and 
outputs, Z-score standardization is to standardize the output values in each layer of the network, so 
that it meets  0,1N . 
3) log  function normalization. Remembering the original sequence  1 2, , , nX x x x  , in which the 
largest element is maxx  , then for each element in this sequence is normalized, the result is shown 
below: 

 
max

log

lognorm

x
X

x
  (15) 

Also considering that Z-score normalization is not uniform in the scaling of the data, it is also not 
used and Min-Max is ϐinally chosen for data normalization. 

2.3. Trend Forecasting Based on Combined ARIMA-LSTM Models 

2.3.1. ARIMA-LSTM model overall framework design. The data of college students' employment and 
entrepreneurship market includes different kinds of data and the data scale is large, so the ARIMA-
LSTM model is designed. Firstly, the ARIMA model is used to obtain the characteristics of the factors 
affecting the smoothness of the data of college students' employment and entrepreneurship market, 
and the residual data is calculated according to the characteristic parameters, and the nonlinear 
characteristic data in the original data are hidden and processed, so as to avoid the interference of the 
nonlinear data to the overall data; secondly, the LSTM model is constructed. The LSTM model is 
constructed secondly, the hidden residual data is input into the model, and the residual data is 
corrected by the LSTM model, and ϐinally the long-term trend prediction of the college employment 
and entrepreneurship market is completed in the form of the fusion of the ARIMA model and the LSTM 
model and the corresponding prediction results are obtained. The framework of the ARIMA-LSTM 
model is shown in Fig. 3. 
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Fig. 3. The trend prediction of college students' employment and entrepreneurship market trends  

2.3.2. ARIMA model based hidden data processing. The ARIMA model includes an autoregressive 
(AR) process and a moving average (MA) process to accomplish data preprocessing in a time series 
manner [27]. Constructing the ARIMA algorithm model applied to college students' employment and 
entrepreneurship market trend prediction requires college students' employment and 
entrepreneurship data to have smoothness. However, college students' employment and 
entrepreneurship data are easily affected by factors such as debt repayment ability, proϐitability, 
operation ability, development ability and other factors in the actual collection and processing process, 
which in turn leads to the acquisition of the employment rate, salary level, entrepreneurship, etc., there 
is an unsteady situation. By adding the differential transformation method, the random perturbation 
is solved and the series smoothing processing is completed, which in turn improves the smoothness 
of college students' employment and entrepreneurship market data. 

2.3.3. LSTM model based residual data correction. The LSTM neural network optimizes the feedback 
error function in the gradient propagation process through the forgetting gate, corrects the residual 
data with multiple iterations of the input gate, updates the computational state using the update gate, 
and controls the output of valid information by the output gate, thus improving the convergence of the 
neural network. According to the LSTM structure, the unit state vector is obtained by the logic function 
(S-type function) to complete the neuron state activation, and the speciϐic expression is: 

  tanht t t t xc t kc t t vu f c i W x W h bc     (16) 

In Eq. (16), tf   is the result of forgetting gate calculation, ti   is the result of input gate data 
collection, xcW   is the neural network weight coefϐicient, kcW   is the memory module weight 
coefϐicient; tb  is the neuron bias. The LSTM neural network input gate calculates the different types 
of ϐinancial data and determines whether it is activated or not, and the speciϐic expression is: 

 
 xc t kc t t v

t

s W x W h bc
i


 

  (17) 

In Eq. (17), s is the residual data at the previous moment of input gate input, and   is the bias 
gradient. At when 0ii  , the data is rejected in the LSTM neural network. At when 1 0i  , the data 
will enter the update gate for memory unit calculation, and combined with dynamic control in the 
output gate to complete the result output. The update gate calculation formula is: 

  1t i io z r    (18) 
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In Eq. (18), iz   is the sum of the loss function on all moments and ir  is the hidden vector. The 
results of the update gate calculation are passed to the output gate, and the residual data correction 
output of the LSTM neural network is completed according to the weighted inϐluence of the output 
gate. 

2.3.4. Forecasts of Long-Term Changes in Market Trends Based on Model Fusion. By constructing a 
combination model of ARIMA model and LSTM model, obtaining the response time employment and 
entrepreneurship forecasting index data, ϐiltering out the nonlinear regular data, completing the 
college students' employment and entrepreneurship time series feature extraction in ARIMA model, 
and completing the residual data processing in LSTM model. Finally, the results are superimposed to 
obtain the prediction results of the long-term change trend of college students' employment and 
entrepreneurship market, in order to solve the prediction of large-capacity and multi-dimensional 
data. The nonlinear component residual mathematical expression is: 

 t t te l U   (19) 

In equation (19), tl   is the correlation index of each element of corporate ϐinance; tU   is the 
predicted value of ARIMA model. After obtaining te , the LSTM model is used to model the long-term 
trend of changes in corporate ϐinance and obtain the predicted value of ϐinancial changes, which is 
expressed as: 

  1 2, , ,t t t t mF f e e e v      (20) 

In Eq. (20), f () is the relationship function established by the LSTM model; v is the limiting variable. 
Finally, U , and F , are summed to obtain the results of predicting the long-term trend of corporate 
ϐinancial changes. As in equation (21): 

 t t tD U F   (21) 

In order to ensure the convergence of the combined model, it is necessary to combine the method 
of iterative forecasting with the results of the forecast of the long-term trend of ϐinancial changes in 
the enterprise for the next moment of the ϐinancial time series value forecast, so as to complete the 
forecast of the long-term trend of ϐinancial changes in each future moment. 

3. Empirical analysis and analysis 

3.1. Analysis of ARIMA model prediction results 

3.1.1. Census X12 analysis. X12 allows a suitable ARMA (p, d, q) model to be built for the adjusted 
series before seasonal adjustment, and the monthly trend from January 2010 to August 2022 is shown 
in Figure 4, and it can be seen that the college entrepreneurship and employment market trend has a 
more obvious non-stationary characteristics, using the EViews software system, and through the ADF 
and Correlogram test, the choice of the ARMA (1, 2, 2) model is more effective, after processing the 
data, split to get TC, S, I factor data as shown in Figure 5 - Figure 7. 

From the long-term trend, the bottom climbed slowly before 2012, and the peak value (the 
difference between the peak and the trough) was small, and after 2012, the vibration amplitude 
increased signiϐicantly and the volatility was stronger. From the point of view of seasonal factors, the 
months that cause the seasonal rise in the demand for college entrepreneurship and employment are 
mainly in September and May (graduation season), while the months that cause the seasonal decline 
in college entrepreneurship and employment are mainly in January month (during the New Year). In 
terms of the irregular factor, the irregular factor has a very large impact on the demand in some months, 
such as the 2016 4 trillion yuan investment. 
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Fig. 4. January 2010 to 2022 

 

Fig. 5. TC-trend cycle factor 

 

Fig. 6. S-seasonal factors 
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Fig. 7. I-irregular factor 

3.1.2. TC sequence modeling. In order to forecast the trend, the TC series needs to be modeled. 
Before modeling, the smoothness of the data is ϐirst checked and the results of Table 1 are obtained 
using the ADF test. 

Table 1. Tc sequence ADF test results 

 t-Statistic Prob.* 

Augmented Dickey-Fuller test statistic -1.569 0.293 

Test critical values: 

-3.352  

5%level -2.743 

10% level -2.451 

From the results, it can be seen that the TC  sequence is not smooth  0.29 0.05P    at the 95% 
level of signiϐicance, and therefore the ϐirst-order differencing of the TC  sequence is required: 

 1t t tK TC TC   (22) 

The ADF test is then performed on the K-series and the results are shown in Table 2. 

Table 2. K sequence adf test results 

 t-Statistic Prob.* 

Augmented Dickey-Fuller test statistic -3.012 0.0275 

Test critical values: 

-3.3672  

5% level -2.71 

10% level -2.43 

From the results, it can be seen that the K-series rejects the single-root hypothesis of having 1 at the 
95% signiϐicant level (P = 0.0275 < 0.05), which can be utilized to build the ARMA model. Through 
several model simulations, the regression of ARMA(3, 1) was ϐitted best, and its results are shown in 
Table 3. 

Table 3. The results of the arma(3, 1) model 

Variable Coefficient Std.Error t-Statistic Prob. 

K(-1) 2.356 0.057 37.677 0.000 
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K(-2) -2.11 0.101 -19.15 0.000 

K(-3) 0.723 0.051 11.56 0.000 

MA(1) 0.396 0.077 4.533 0.000 

R-squared 0.989 Mean dependent var 611.56 

Adjusted R-squared 0.985 S.D.dependent var 2543.477 

S.E.of regression 241.18 Akaike info criterion 11.741 

Sum squared resid 8321477. Schwarz criterion 11.926 

Log likelihood -1019.233 Durbin-Watson stat 1.903 

Based on the signiϐicance, the model can be shown to be: 

 1 2 3 12.356 2.11 0.723 0.396t t t t t tK K K K           (23) 

Combining Eq. (22), Eq. (23) shows that: 

 
1 1 2 3

4 1

3.412 4.622 2.977

0.767 0.41
t t t

t t t

TC TC TC TC

TC  
  

 

  

  
 (24) 

Then combined with formula (22), formula (24) can be calculated model predicted value, will be 
compared with the actual value of demand, the comparison results shown in Figure 8, the two ϐit is 
very high, most of the trend is basically the same. 

 

Fig. 8. The actual value of the demand and the prediction of the model 

3.1.3. Example of a trend forecasting algorithm. Using the EViews software forecast tool, combined 
with the formula (23), it can be deduced that the forecast value of the TC in September 2021 is 127,451, 
the quarterly factors, the impact of irregular factors with reference to the trend in September in the 
last three years (take the average), the ϐinal market demand forecast value is 132,261, according to the 
data of college students' entrepreneurship and employment shows that the actual market demand is 
124,562, the deviation is only 3.1%. 

3.2. Analysis of LSTM model prediction results 

3.2.1. Data construction. In order to give full play to the role of college student entrepreneurship and 
employment data, and at the same time to improve the prediction accuracy of the model, this paper 
adopts three consecutive years of college student entrepreneurship and employment data to 
recursively predict the next year's data for the construction of the LSTM model sample data, that is, 
the use of the college student entrepreneurship and employment data from 2019 to 2022 to predict 
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the college student entrepreneurship and employment data for the year of 2026, and in total, we can 
build a total of 117 sets of sample data, and use the the ϐirst 93 sets of data as the training dataset and 
use the next 24 sets of data as the test dataset. 

3.2.2. Model parameterization. In this paper, Adam's algorithm is used as the optimizer, tanh is used 
as the trigger function, and the number of iterations is set to 100. In order to achieve the best 
prediction performance of the LSTM model, the parameters such as the number of hidden layers, the 
number of neurons, and the learning rate of the network model need to be set, and the model is 
predicted in several attempts using historical data, and the analysis of the results based on the 
prediction results reveals that the model ϐits best when the number of hidden layers is 2, number of 
neurons is 4, and the learning rate is 0.001, the model ϐits best. 

3.2.3. Forecasting results and analysis. By using 96 sets of training data from the college 
entrepreneurship employment sample data to train the LSTM model and 24 sets of validation data to 
verify the model, the trend of the loss function is shown in Figure 9. 

From the ϐigure, it can be seen that due to the increase in the number of iterations, the value of the 
loss function continues to decrease, and when the model is trained to roughly the 5th time, the value 
of the loss function decreases signiϐicantly and remains stable, at which time the model training is the 
most effective. 

 

Fig. 9. Loss function diagram 

The trained LSTM model is used to predict the test set and the obtained prediction results are shown 
in Figure 10. From the prediction results of the test set, it can be seen that the LSTM model predicted 
value and the actual value of the volatility of the trend of the ϐit is better, but with the prolongation of 
time, by the inϐluence of external reasons, its prediction error is gradually becoming larger but the 
overall prediction effect is better than the ARIMA model, which indicates that because of the 
comprehensive consideration of a variety of factors interacting with each other at the same time, 
combined with the history of throughput data, it can be very well ϐitted to the time series of the 
nonlinear characteristics. This is related to the nonlinear ability of the neural network. The above 
prediction results are evaluated using evaluation indexes, and the results are shown in Table 4. 
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Fig. 10. LSTM model prediction results 

Table 4. The LSTM model predicts the value of the result 

Evaluation index LSTM 

MAPE 5.152 

RMSE 31.245 

3.3. Analysis of Combined Model Prediction Results 

From the analysis of the prediction results of the above two models, it can be seen that the ARIMA 
model ϐits the linear trend of the time series better, but with the extension of time, the error gradually 
becomes larger, and the LSTM model ϐits the nonlinear ability of the time series better. The combined 
ARIMA-LSTM model developed in this paper can combine the advantages of both, accurately 
predicting the trend as well as ϐitting the volatility in the series to improve the prediction accuracy. 

In this section, the combined model constructed in section 2.3 is used to forecast the trend of the 
college entrepreneurship employment market, ϐirstly, the test data in the college entrepreneurship 
employment market is input into the ARIMA (2,1,1) model for forecasting, the linear part of the ϐinal 
forecast result is obtained, and the forecast result is subtracted from the actual value to obtain the 
forecast residual, and secondly, the residual is combined with the trend of the college 
entrepreneurship employment market determined above Secondly, the residuals are combined with 
the data of the inϐluencing factors identiϐied above and fed into the LSTM model to get the nonlinear 
part of the ϐinal prediction results, and the results of the prediction residuals are shown in Figure 11. 
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Fig. 11. The ARIMA-LSTM composite model predicts the residual results  

The linear and nonlinear prediction results of the ARIMA (2,1,1) model and the two parts of the 
LSTM model are superimposed to derive the ϐinal predicted value of the college entrepreneurship and 
employment market trend, and the combined model prediction results are shown in Figure 12. From 
the ϐigure, it can be found that the predicted value of the combined model is closer to the direction of 
the actual value, and its long-term trend and volatility are better ϐitted. 

 

Fig. 12. The ARIMA-LSTM composite model predicts thultse res 

In order to more accurately compare the prediction effect of the three models, this paper calculates 
the MAPE and RMSE of the combined model, and compares the values of the evaluation indexes and 
the error values of the prediction results of the ARIMA (2,1,1) model and the LSTM model calculated 
as a result, and the results are shown in Table 5 and Table 6. 

Table 5. comparison 

Evaluation index ARIMA (2,1,1) LSTM Combination model 

MAPE 9.411 5.293 2.145 

RMSE 47.268 32.244 11.677 
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Table 6. Model predictive value and error 

Serial 

number 

Actual value 

/wan TEU 

Predictive value / wan TEU Error value / wan TEU 

ARIMA LSTM 
Combination 

model 
ARIMA LSTM 

Combination 

model 

97 372.90 374.48 348.19 368.11 1.43 -22.51 -4.57 

98 283.20 297.69 308.09 298.92 13.41 23.72 14.28 

99 378.20 367.69 391.32 378.89 -9.48 12.87 0.65 

100 358.90 358.39 373.58 358.69 -0.45 13.79 -0.17 

101 373.30 368.03 367.83 384.37 -4.99 -5.32 10.12 

102 373.30 373.90 383.46 371.40 0.57 9.91 -1.41 

103 383.20 378.96 384.14 367.52 -3.79 0.91 -14.52 

104 373.70 382.26 387.76 358.45 7.88 13.96 -14.09 

105 368.20 377.76 377.89 361.73 8.73 8.83 -6.37 

106 360.60 371.36 373.00 362.59 9.59 11.37 2.00 

107 352.90 364.20 368.59 358.05 10.24 14.58 4.09 

108 324.30 351.44 348.54 343.02 26.84 23.17 17.87 

109 358.30 342.91 378.56 337.51 -14.29 19.83 -19.69 

110 227.50 323.17 278.28 246.49 94.58 49.86 18.00 

111 340.90 286.83 365.03 283.36 -53.11 23.27 -21.48 

112 348.40 325.57 361.04 347.98 -21.74 11.78 -0.37 

113 359.40 351.45 376.07 370.59 -6.95 15.75 11.09 

114 357.90 377.69 372.48 367.37 18.67 13.93 8.57 

115 388.00 407.69 371.10 363.30 18.55 -15.78 -23.58 

116 381.70 397.69 373.01 392.51 15.00 -7.87 9.49 

117 383.00 367.69 361.97 385.96 -14.71 -20.11 2.54 

118 418.00 395.96 376.07 382.62 -21.69 -40.64 -34.64 

119 398.20 410.14 378.91 416.16 10.72 -18.27 16.84 

120 361.30 347.69 399.22 396.17 -12.71 36.93 33.58 

Comparing the prediction results of ARIMA model and LSTM model with the prediction results of 
the combination model respectively, the MAPE of the prediction value of the combination model is 
reduced to 0.978, the RMSE is reduced to 9.452, and the maximum prediction error is 33.78, all of 
which are smaller than that of the prediction results of the single model in terms of the evaluated value 
and prediction error, which means that the combination model constructed in this paper is able to 
effectively ϐit the time series compared to the single model with a linear and nonlinear intertwined 
superposition trend, the relative error is smaller, which can improve the scientiϐicity and accuracy of 
the prediction of the college entrepreneurship employment market trend. Applied to the prediction of 
the trend of college student entrepreneurship and employment market, it can help the relevant 
departments of the college student entrepreneurship and employment market to make reasonable 
decisions and plans, and improve the operational efϐiciency of the college student entrepreneurship 
and employment market. 

4. Conclusion 

The study designed an ARIMA-LSTM-based algorithm for predicting the trend of college 
entrepreneurship employment market and analyzed the prediction results. The characteristics of the 
college entrepreneurship employment market time series linear and nonlinear intertwined and 
overlapped, and based on the different performance of the model, the ARIMA linear model and LSTM 
nonlinear model were combined, and the residuals of the ARIMA model prediction combined with the 
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college entrepreneurship employment market inϐluencing factors were jointly inputted into the LSTM 
model. The experiment proves that ARIMA-LSTM is better than the single model compared with the 
prediction results of ARIMA model and LSTM model, with the model prediction value MAPE reduced 
to 0.978 and RMSE reduced to 9.452. As a result, the model is better adapted to the data of college 
students' entrepreneurship and employment market, and the accuracy of the prediction results is 
improved to provide a reliable reference for the college students' entrepreneurship and employment 
market. 
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