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Abstract. The Internet makes the everyday lives of users more convenient, but it also affects their work and learning 
capacity. This study evaluated the influences of the online behaviors of > 3500 college students on their academic 
performances. Although the university network log is tremendously large, only a few of its features affect data classi-
fication and prediction. In this study, we propose a Monte-Carlo-based feature selection algorithm to select the best 
feature set for representing student behaviors. Accordingly, we propose a student performance prediction algorithm 
based on long short-term memory that incorporates global features and considers the temporal behavior of students. 
Experiments show that our feature selection algorithm exhibits an improved capacity to select the optimal feature set 
and achieves 89.76% accuracy in student performance prediction. This study evaluated the influences of online behav-
ior and specific websites on student performance. 
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1 Introduction 

People use the Internet to learn, entertain, and search for answers. Although it offers significant convenience, its excessive 
use is likely responsible for the loss of interest of its users in learning and working, shifting their interests towards enter-
tainment projects, which will likely shorten their attention spans [1–3]. This study attempts to a) examine the impact of 
the online behaviors of college students on their performances, and b) use the behaviors to predict their performance. 

Given that only a few features are effective in the available network log data, the amount of low information features 
will affect data classification and prediction [4]. Presently, there are numerous feature selection or noise removal methods 
[5], including principal component analysis [6], random forest [7], and others. However, many algorithms ignore the 
relationships among these features, whereas other algorithms encounter non-deterministic polynomial (NP) problems 
when they select the optimal feature set from the massive datasets [8]. After the selection of the optimal feature set, the 
appropriate algorithm can achieve better prediction and classification results. In recent years, neural networks have been 
extensively used for prediction and classification. However, ordinary neural networks ignore temporal factors, whereas 
recurrent neural networks (RNN) [9] consider that temporal factors will ignore the far-reaching features. Accordingly, 
these networks are prone to the phenomenon of gradient disappearance and gradient explosion. The development of long 
short-term memory (LSTM) [10] neural networks solved the long-term memory loss and gradient problems of RNN but 
ignored the global features. 

In this paper, the main contribution are as follows: 
Firstly, we propose a Monte Carlo feature selection algorithm based on double sliding windows to select the optimal 

feature set that can represent student behaviors. 
Secondly, we propose a LSTM algorithm with global Access gate to predict student performances and improve the 

attention to global features. 
Thirdly, the experimental results show that the feature selection method could select the optimal feature set that better 

represent students’ behaviors and the improved LSTM algorithm gain the accuracy of 89.76% in predicting students’ 
performance. 

2 Related Work 

2.1 Feature Selection 

A feature is an individual measurable property of a process that is being observed. The objective of feature selection 
is to select a subset of variables that most efficiently describe the input data, reduce the effects of noise or irrelevant 
variables, and still provide good prediction outcomes [11]. 
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Feature selection methods include filter methods, wrapper methods, embedded methods, and others [12]. Javed [14] 
proposed a feature-ranking algorithm referred to feature elimination and addressed problems by combining feature rank-
ing and feature subset selection methods. Yin [16] proposed an algorithm combining recursive feature elimination with 
support vector machine for both binary and multiple feature selection.  

2.2 Monte-Carlo Tree Search 

Monte-Carlo Tree Search (MCTS) was used to solve planning and sequential decision-making problems and few re-
searchers have studied Monte-Carlo tree in features selection.  

Monte-Carlo trees have been combined with neural networks. Xiaoxiao Guo [19] use Monte Carlo tree search method 
to generate training data for real-time play in Atari Game. Silver, D [20] combines Monte Carlo simulation and policy 
networks, and their program achieved a 99.8% winning rate against other Go programs.   

2.3 Neural Network 

LSTM was designed to resolve the problem of prolonged time requirements for learning and information storage by 
using recurrent back propagation [21]. Gers et al. [10] incorporated the forget gate into LSTM, which enabled cells to 
reset themselves at appropriate times, and they found that LSTM with forget gates could easily solve the benchmark 
problems that other algorithms, including RNN and LSTM alone, failed to solve. LSTM is extensively used currently in 
activity recognition [22, 23], human trajectory prediction [24], and so on. 

3 Double Sliding Window Monte Carlo Tree Search 

At present, there are many feature selection algorithms including filter methods, wrapper methods, embedded methods, 
and some other methods [11–13]. The goal of feature selection algorithm is to represent the characteristics of samples 
with a small number of features [14–16]. We propose a double-sliding-window Monte Carlo tree search (DSWMCT) 
algorithm to select features and construct the optimal feature set. Our algorithm includes four phases, the expand policy, 
select policy, simulate policy and backup policy. Meanwhile, we added double sliding windows: the best window is used 
to identify good performance features, and the explorer window is intended to identify potential features to improve the 
performance. The algorithm is revealed as follows:  

In this part, we introduce the feature selection method using the Monte Carlo tree. In the next part, we introduce the 
use of the LSTM neural network to predict students’ performance. 
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Fig. 1. The proposed Monte Carlo Tree-Based Multi-Task neural network for feature selection 

 
Our method constitutes a Monte-Carlo Tree Search (MCTS)-based feature selection method to select the optimal fea-

tures for predicting students’ performance. The method incorporates the Feature Upper Confidence Bounds Applied to 
Trees (FUCT) algorithm to select features and construct the optimal feature set. Our proposed FUCT algorithm, like the 
Upper Confidence Bounds for Trees (UCT) algorithm [17-19], also has four phases including EXPAND_POLICY, 
SELECT_POLICY, SIMULATE_POLICY and BACKUP_POLICY. However, there are some differences. Expanding 
nodes in the FUCT algorithm mean adding features to the optimal feature subset of the last iteration. The expanding nodes 
in the UCT algorithm are not fully leaf nodes, whereas for the FUCT algorithm, all expanding nodes are leaf nodes.  

We initialized the Monte Carlo tree with the null feature set as the root S0, the best set as null, the best award as 0, and 
the evaluation of feature k as award[k] using an MLP. We used the value of award[] to evaluate expanded nodes and to 
select the top m nodes. We used the value of sim[] to evaluate the simulated result and selected the best feature in this 
iteration. Finally, we added the best node to the optimal feature subset and updated the award of each feature.  

EXPAND_POLICY expands the leaf nodes for all features that are not in the optimal feature set. SELECT_POLICY 
finds the features to be simulated, as not all leaf nodes will be simulated. We selected the top m and bottom n features 
sorted by the award.  

SIMULATE_POLICY updates the Setb (best set) to find more features and gain better performance. We simulated the 
result using each feature and the Setb obtained in the last iteration and then found the best simulation result sim[b] for 
node b. If we could obtain better simulation results than the best reward in the last iteration, we would add the best feature 
b to Setb and update the best reward.  

We gain another array ∆award[Vi] to evaluate the features. In Formula (1), ρ is the best reward in the last iteration, 
and θ is the best reward in this iteration. 𝑆𝐼𝑀(𝑉𝑖 , 𝑆𝑒𝑡𝑏) − ρ reflects the comparison between the performance of the new 
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feature set and the optimal feature set, and (𝑆𝐼𝑀(𝑉𝑖 , 𝑆𝑒𝑡𝑏) − θ) reflects the comparison between the feature and the best 
feature of this iteration. By adjusting the value of α and β, we can control the efficiency of searching for new features.  

∆𝑎𝑤𝑎𝑟𝑑[𝑉𝑖] = α(𝑆𝐼𝑀(𝑉𝑖 , 𝑆𝑒𝑡𝑏) − ρ) + β(𝑆𝐼𝑀(𝑉𝑖 , 𝑆𝑒𝑡𝑏) − θ)                            (1) 

 
BACKUP_POLICY updates the award of the other m-1 features using Formula (2) without the best feature in the 

iteration. With this strategy, bad features will gain negative ∆award and their ranking as awards will drop. Then, more 
features will be searchable in the next iteration.  

𝑟𝑒𝑤𝑎𝑟𝑑[𝑉𝑖] = 𝑟𝑒𝑤𝑎𝑟𝑑[𝑉𝑖] + ∆𝑎𝑤𝑎𝑟𝑑[𝑉𝑖]                                               (2) 

 

4 LSTM with Global Access Gate 

LSTM can solve the problem of gradient disappearance and explosion in RNN. The algorithm relies on information in 
the learning sequence. Basically, the LSTM unit is composed of three gates, namely a forget, an input, and an output gate 
[20-22]. The LSTM uses two gates to control the value of the unit state c. The first is the forget gate, which determines 
how much of the unit state from the last moment has been retained at the current moment. The second is the input gate, 
which determines how much of the network's input is saved to the unit state at the current time. LSTM uses the output 
gate to control how much of the unit state is output to the current output value of the LSTM. A gate is essentially a fully 
connected layer whose input is a vector and whose output is a real vector between 0 and 1. However, LSTM only considers 
the information in sequence and ignores the influence of the global features on the results [23-24]. 
 In this study, we propose a deep LSTM network with additional global attention. We add a global access gate in LSTM 
unit as shown in Fig 2， called GLSTM, to mark the global features that is used to calculate gt and Ct. Because an LSTM 
pays more attention to the timing of the sequences, and because its global evaluation concerning the sequences is poor, 
we added gate g to store the global features and achieve better results. 

  

Fig. 2.  Long short-term memory (LSTM) unit with global access gate. 

 
 The LSTM neural network comprises three layers: an input, a hidden, and an output layer. When more than one hidden 
layer exists in a cyclic neural network, the output of each layer serves as the input to the next layer. As shown in Fig. 3, 
in this study, we construct a multi-layer LSTM network, where each hidden layer consists of 15 GLSTM units.  
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Fig. 3. GLSTM with three hidden layers. 

5 Results 

In this section, we describe the data and experiment, and show the results of feature selection and prediction. In the 
first part, we reveal the data source. In the second part, different feature selection methods are compared. In the third part, 
we compare naïve Bayes (NB), logic regression (LR), multi-layer perceptron (MLP), LSTM, and GLSTM methods for 
predicting students’ performance.  

Based on the average grade point of students, we assume that the last quarter of the students ranked are students with 
academic difficulties, and we find that 75 points is the demarcation line from the statistics. In this experiment, we use 75 
points as a dividing line for predicting students' performance. 

5.1 Data 

We have captured online data from > 3500 students in the period of one month. The number of logs was 737 million. 
These included 580,000 domain names, 34,000 websites that were visited > 100 times, and 10900 websites that were 
visited > 1000 times. We counted the number of times each student visited a website domain name and selected and 
analyzed each website domain name as a feature. 

In the process of data processing, we can guarantee the student privacy from two aspects. First, before we analyzed the 
data, we will remove all personally identifiable information of students. Second, all the network logs only show the 
domain names of the websites visited by students. The details of the network logs are hidden. Although this will affect 
the results to a certain extent, it can guarantee the privacy of student information. 

5.2 Feature Selection 

For the selected features, we used the random forest method to evaluate the importance of the features (20000 most visited 
website) firstly. The results of the evaluation are shown in Fig. 4. Then we used the Monte-Carlo-based feature selection 
method for feature evaluation and selected the following features: 
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We used a random forest algorithm to evaluate the importance of all the features. The most distinguished features and 
their importance are listed in Table 1. Table 1 indicates that the most influential features are the takeout, games, and chat. 
We conducted further analyses and statistics on these characteristics. The experiment proved that the students who ordered 
takeaway often and did not go to the canteen to eat performed poorly, and the students who chatted and played more 
games performed worse on average. 

 
Fig. 4. Feature importance for all domain names using random forest method. 

Because students have visited more than 580,000 different domain names, it is very difficult to select the best feature 
set from a single domain name. We classify 26 different types of domain names, including games, chats, videos, learning, 
shopping, and takeaway. We counted the number of times each student visited each type of website and constructed a 
vector to describe the students' behavior. 

We use random forest, RFE, and DSWMCT to select the best feature set and then use a simple neural network to 
evaluate the selected feature set. Experiments indicate that the DSWMCT method is better than the random forest and 
RFE methods. 

Table 2. Use of different methods for feature selection. 

Method Feature Number Accuracy 
Random Forest 8 76.24% 
RFE 8 76.32% 
DSWMCT 10 76.96% 

Random forest selected the best feature set to predict students' performance, which contains eight types of features. 
The domain name types represented by these features are games, videos, social, shopping, learning, news, applications, 
and cloud. The accuracy rate of the random forest in predicting students' performance is 76.24% based on the simple 
neural network. The best feature set selected by DSWMCT contains 10 types of features. These domain features are games, 
videos, learning, search, radio, payment, notes, live broadcasting, tourism, and blogging. The accuracy of predicting stu-
dents' performance with the feature set is 76.96% based on the simple neural network. DSWMCT pays more attention to 
the correlation between features, and can select the best feature set, while the algorithms that only relies on feature ranking 
for feature selection will ignore the correlation between features. 
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5.3 GLSTM 

As few people use online behaviors to predict students' performance, we just conduct experiments with the NB, MLP, 
LR, LSTM, and GLSTM methods using the feature set selected by DSWMCT. We use a three-layer GLSTM to predict 
student performance. We used 80% and 20% of the data for training and testing, respectively, and we iterated 300,000 
times. The iteration process is shown in Fig. 5. 

 
Fig. 5. Variations of loss and accuracy of GLSTM as a function of the number of iterations. 

The results are listed in Table 3. The experiments demonstrate that the LSTM algorithm perform better than the NB, 
MLP, LR, and traditional methods. It reveals that students' temporal behavior can better reflect students' performance. 
For the GLSTM algorithm, it achieves the accuracy of 89.76% and the recall rate of 96.5%. It reveals that GLSTM 
algorithm considers global features performs better than the LSTM algorithm. 
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Table 3. Methods used for performance prediction and their characteristics. 

Method Accuracy Rate Recall Rate 
NB 74.21% 72.21% 
MLP 76.96% 90.44% 
LR 76.76% 90.67% 
LSTM 88.04% 96.44% 
GLSTM 89.76% 96.5% 

6 Conclusions 

This study evaluated the influence of the online behaviors of college students on their academic performance. We 
proposed a feature selection algorithm based on Monte Carlo tree search to select the best feature set that can represent 
student behaviors. We then proposed an LSTM-based student performance prediction algorithm that considered the tem-
poral behavior of students and added global features. Experiments demonstrated that our feature selection algorithm could 
select the optimal feature set in a better manner than existing methods. Our prediction algorithm achieved 89.76% accu-
racy in the prediction of student performances. Based on the findings of this study, it is inferred that different websites 
accessed by the students had positive and negative effects on their performances. 
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