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Abstract. The issues regarding relationships between surfing habits
and academic performance of university students have attracted much
attention of all kinds of research communities. The approaches of sta-
tistical analysis and data mining with imperfect datasets are used in
previous works. In this paper, an experimental study about the relation-
ships between surfing habits and academic performance is conducted.
Particularly, we observe a surprising results on extensive datasets, which
contains the information of students, e.g. basic profiles, Internet using
logs and course scores. First, several statistical methods are used to find
the associations between students’ surfing habits and academic perfor-
mance. Then, a learning algorithm is devised to cluster the students
according to their different surfing habits. Furthermore, we develop a
BP neural network to predict the rate of failing a test of a student based
on his/her basic information, surfing habits and the clustering informa-
tion. According to the aforementioned approaches, we find an interesting
result that the academic performance of students in universities is quite
possibly enhanced if the network connections are always terminated at
24:00 p.m.

Keywords: Internet surfing habits - Course score + Exam-failure rate -
Cluster analysis - Neural network analysis

1 Introduction

According to the Statistics of Chinese Ministry of Education in 2016 [1], there are
2,852 universities and colleges in China, and the number of university students
reaches 3.7 billion, which is the most around the world. With the development
the Internet, it is convenient for university students to use it in almost every-
where in the campus through PCs, Laptops, PADs, Smart phones and so on. The
Internet affects every aspect of the life of students including learning, entertain-
ment, social activity, etc. Students are encouraged to communicate with teachers,
instructors and classmates through the Internet and search information on it.
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Some researches indicate that academic performance can be promoted with
the help of the Internet. Rashid and Asgharb suggests that the use of the Inter-
net has a direct and positive influence on students’ engagement and self-directed
learning [9]. Dr. Suhail and Bargees’s investigation finds that a great number of
students demonstrate positive effects of Internet using on educational aspect [13].
In the U.S., 68 % of the parents, 69 % of the students, and 69 % of the teachers
say that they have authenticated the improvement of students’ grades through
the use of the Internet on an online survey reports [2]. In addition, the Internet
contributes significantly to the academic performance of the students in univer-
sity of Botswana, Gaborone, possibly because the students can learn at anytime
and anywhere with the Internet [14]. The broad use of the Internet in universities
can make students have better perceptions of learning [4].

However, there are also some researches indicating that the Internet using
has negative effects. General Internet surfing habits of students show that some
people may experience psychological problems such as social isolation, depres-
sion, loneliness, and time mismanagement because of their Internet using [7].
Bad academic performance has been confirmed to be correlated highly with
heavier recreational Internet using. Loneliness, staying up late, tiredness, and
missing classes are also correlative to self-reports of Internet-caused impairment
[8]. Heavy Internet usage may have bad relationships with teachers, bad acad-
emic grades and low learning satisfaction than general users. And they are apt
to be depressed, physically ill, lonely, and introverted [3]. Especially, with the
increasing popularity of smart phone, more people start relying on it. The data
from the Pew Research Center in 2015 shows that 46 % of smart phone own-
ers in the U.S. say that their smart phone is something “they could not live
without”. Smart phones are used all day for quite a lot of reasons, including
communication, learning, entertainment, information seeking, social networking
and gaming [17]. In particular, recent research shows that online social com-
munications based on smart phones significantly affect offline behavior of users
[10-12,18-20]. University students who are at a high risk of smart phone addic-
tion may be less likely to have good GPAs [5]. In addition, excessive use of the
social network systems results in negative effects. For example, multitasking with
Facebook has been found to be significantly negatively predictive of GPAs for
freshmen and sophomores [6].

The correlation between students’ Internet using and their academic per-
formance is a complex issue. Average daily connection time, as a general used
metric to determine Internet addiction, may not be accurate because students
may study using the Internet for a long time other than being addicted to online
entertainment. In fact, Internet addiction of students in universities is reflected
not only by Internet using time but also by other features such as online and
offline time, volume of Internet traffic and other potential factors. The relation-
ships between these factors and the performance of students are very complex.
In addition, students’ background features, including gender, major, hometown,
etc., differ from one another, which may lead to different online behaviors. All
these features should be taken into consideration when evaluating the impact of
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Internet using habits on academic performance of university students. We make
the following contributions.

— We reconfirm that no obvious relationship between the Internet using habits
and the academic performance can be found using linear regression.

— We construct a model to predict whether a student will fail a test using the
Internet using and other features.

— Based on the prediction model, we make a suggestion that the network connec-
tions should be terminated at 0:00 to improve students’ academic performance.

The rest of the paper is organized as follows. In Sect.2, we introduce the
datasets and the methods used in this paper. In Sect.3, we give the analysis
results. We conclude the paper in Sect. 4.

2 Preliminaries

2.1 Datasets

In order to get accurate results, the data employed in this study are obtained
from several source providers, e.g., the Internet using data are obtained from
ITS (IT Service Department) of the university, the student academic perfor-
mance data are obtained from the Academic Affairs office, and the students’
basic data (background features) are obtained from the Admission department.
There are four grades of students, ranging from freshman to senior college stu-
dents. Students’ basic dataset has 23,175 records, Internet using dataset has
321,651,912 items, and academic performance dataset has 510,261 courses infor-
mation records. Each record of the students’ basic dataset contains the following
attributes: ID number, gender, grade, school, major and source province. Each
record of the Internet using dataset contains the following attributes: ID number,
online time, offline time, Internet traffic volume (bit) and connection time. Each
record of the academic performance dataset contained the following attributes:
ID number, course number, course grade, year and semester.

2.2 Data Preparation and Statistics

A record of in the students’ basic dataset is represented as (di, p1, b1, m1,e1),
where d; is the key of the student’s basic information table, p; € P is the province
from which the student comes, b; is the birthday, m; is the major and e; € F
is the nationality. P and E are the collections of provinces and nationalities in
China, respectively.

A record in the Internet using habit dataset is represented as (da, l2, fa, b2),
where ds is the key of the table, l; and f5 is the online time and the offline
time respectively and by is the Internet traffic volume. Two important features
included to reflect the Internet using habit of the students are the online time
and the Internet traffic volume.

A record in the dataset of student grade is represented as (ds, c3, g3), where
ds is the unique ID of the student in this table, ¢z is the course ID, and g3 is the
examine score of the corresponding course.
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2.2.1 Internet Traffic Volume per Week of Students

We use the Internet using habit data for statistics, and get the weekly Internet
traffic volume of the university students. The average traffic volume per week
of a student is about 9 Gb. The average weekly traffic volume is divided into
seven categories: (1) less than 5 Gb, (2) 5-10 Gb (excluding 10 Gb), (3) 10-15Gb
(excluding 15Gb), (4) 15-20 Gb (excluding 20 Gb), (5) 20-25Gb (excluding
25Gb), (6) 25-30 Gb (excluding 30 Gb), (7) no less than 30 Gb. 36.5% of the
students use 10-15 Gb Internet traffic volume weekly, taking the majority. 24.3 %
of the students use 15-20 Gb Internet traffic volume, which is the second most,
and 5-10 Gb followed as the third. Only 2.2 % of the students use no less than
30 Gb per week. More than 60 % of the students’ weekly Internet traffic volume
is between 10 Gb and 20 Gb. Figure 1 shows the distribution of Internet traffic
volume per week.

>=30Gb _<5Gb

25-30Gb

16.1%

24.3% [\

36.5%

Fig. 1. The distribution of Internet traffic volume per week

2.2.2 Internet Connection Time of Students

We use average Internet connection time per week of a student as a factor. The
average value of all students is 32 hours. Figure 2 shows the distribution of aver-
age Internet connection time per week. similarly, we divide the time into seven
intervals: (1) less than 10h, (2)10-20h (excluding 20h), (3) 20-30h (exclud-
ing 30h), (4) 30-40h (excluding 40h), (5) 40-50h (excluding 50h), (6) 50-60 h
(excluding 60h), (7) no less than 60h. From the figure it can be observed that
most students keep online for 20-50 h per week. The top-3 intervals with the
most students are 30-40 h, 20-30h and 40-50 h, taking the percentage of 37.3 %,
25.6 % and 19.1 % respectively. More than 1/3 of the students keep online for 30—
40 hours per week. It seems that the students are most likely to connect Internet
for 20 to 50h every week, which accounted for about 82 % in the general situ-
ation. The distribution of Internet using time in one-day (24 h) is depicted as
Fig. 3. 11:00 a.m., 20:00 p.m. and 24:00 p.m. takes the leading places, and the
accumulative quantities of the Internet using time at 11:00, 12:00, 13:00, 20:00,
21:00, 23:00, 24:00 are more than 50 % of the total. After 24:00 p.m., about
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Fig. 2. The distribution of average weekly Internet connection time
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Fig. 3. The distribution of average weekly Internet connection time

20 % of the students disconnect the Internet for sleeping, but there are still more
than 20 % of the students keeping online. From 3:00 to 7:00 a.m., the Internet
connection quantities reach the lowest level.

2.2.3 Academic Performance of the Students

Figure 4 shows the distribution of the academic performance. According to the
scores the students obtain, grades are divided into five parts: (1) less than 60,
(2) 60-70 (excluding 70), (3) 70-80 (excluding 80), (4) 80-90 (excluding 90),
(5) no less than 90. The maximum score on all the tests is 100. The scores of

more than 1/3 of all students range from 80 to 90. The rate of failing an exam
is 13.7%.
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Fig. 4. Academic performance of students

2.2.4 Relationship Between Connection Time and Academic
Performance

Will academic performance be determined by Internet using? Do the 1.9% of
the students who connect the Internet more than 60h per week always fail the
exams? The distribution of the academic performance based on the connection
time is showed in Fig. 5. The outliers should be neglected, and it seems that there
is no obvious characteristic of their relationship. The students with different con-
nection time have similar distribution of scores. In order to do further analysis,
the linear regression is used to analyze the relationship between the Internet con-
nection time and the academic performance. We get the correlation coefficient
of 0.016321. This result suggests that they no significant correlationship.

120

average grade

©Online Duration{hours per week)

Fig. 5. The distribution of academic result based on Internet connection time
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2.3 The System Framework

However, due to the data complexity, the relationship between the Internet using
habit and the academic performance cannot be analyzed simply by calculating
the correlation between the exam performance and the Internet connection time.
More features should be taken into consideration. Therefore, multivariate fitting
is introduced to get a higher degree of fitting relationship. In order to get more
accurate relationship, the techniques of clustering and neural network are used.
The workflow of the framework is showed in Fig.6. Three types of datasets
including the Internet using data, the academic performance data and the stu-
dents’ basic data, are used to extract the features of students for clustering.
Then we use neural network to fit with the clustering results. The recommended
disconnection time is calculated through continuously automatic fitting.

Internet using Academic Students’ basic
data performance data data
Students’ Recommended Analyzing NN
features offline time results
Clustering Clustering ______ Fitting with

result analysis neural network

Fig. 6. Process of the framework

2.4 The Data Models

The three datasets which are the Internet using data, the academic performance
data and the student basic data, are employed to extract the following features:
Internet using habit, source province, gender, major, connection time per week
and Internet traffic volume per week.

Internet using habit is defined as the connection time series of one-day. 24
elements (tg,t1,ta,t3,t4,...,ta3) are contained, where, t;(i = 0,1,2,...,23) rep-
resents the number of days, (d;) that a student is online during a certain hour
of day (i.e. the i th hour), T is the total days of sampled days(a year, 365 days):

t;=d;/T (1)

Every 4 continuous hours in a day is used to be a period as the factors to run
clustering algorithms. The items are expressed as (f1, f2, f3, f4, f5, f6), and

47—1
2iligoph
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A student’s performance in courses is represented by a boolean value where 0
represents passing the course and 1 represents failing. P is the score of course.
C' is the collection of all the courses studied in the sample semesters

_[0,YpeC,p>60
P‘{l,apec.p<60 (3)

2.5 Cleansing Sensitive Data

To get accurate result, the noise and uncertain data should be eliminated firstly.
For example, the records of very short connection time or very low Internet traf-
fic volume should be removed. Since these sensitive data are infrequent, we use
the uncertain frequent itemset mining techniques [15,16,21] to discover infre-
quent records. Although some data reach the selection standard of the Internet
connection time threshold and the Internet traffic volume threshold, their peri-
ods (number of days) are relatively low, possibly less than one month during
the two-year period. These discontinuous data should not be used to represent
long-term behavior, and is removed as well.

2.6 Clustering Analysis

We use DB-SCAN as the clustering algorithm. A 6-dimensional vector is defined
as the input, the smallest class cluster is limited within 1,500, and the scanning
radius is 0.15623. Finally, 15,062 results data and 11,023 noise data are obtained
during a year. The result containing six clusters is depicted in Fig.7, which
shows the line chart of the Internet habit of the six clusters. The before-dawn
online period (from 1 am to 6 am) of clusters 4, 5 and 6 are nearly 0. For
cluster 1, 2, and 3, the data may refer to the Internet online records of several
students. Comparing to other periods, the Internet connections of this period in
these clusters are also low, although, the percentage of the average connection is
approximately 5 %. 20:00 p.m. is the peak of the average online time. At this time
point, the online proportions are the highest among most clustered groups. For
each cluster, the Internet using habits of morning and afternoon are different.
Some fluctuates largely, while the others are relatively steady.

2.7 Classification Analysis

These three datasets in that year are used for classification analysis. There are
15,062 records of the students’ basic information and the Internet using habit
data, among which, 12,000 records of data are used as training set, and 2,500
used as testing set for accuracy verification with cross validation. Classification
analysis is carried out using BP Neural Network. BP Neural Network is composed
of input layer, hidden layers and output layer. The structure of the BP Neural
Network is showed in Fig. 8. In this study, 7 features of each student are used in
a BP neural network training, and the output layer node represents the exam
failure. The used 7 features are: the student’s Internet habit, source province,
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Fig. 7. Internet habit of 6 clusters

gender, major, weekly Internet connection time, weekly Internet traffic volume,
and the cluster ID which the student belongs to. The offline in evening may
be the best time for improving exam score, so we make the hypothesis that
adjusting the offline time in evening will help reducing the exam failure rate.
The student’s Internet habit is represent with nighttime Internet using habits
(tgl,tgg,tgg,to,tl,tg,t3,t4,t5). Thus, The input layer is divided into 15 nodes:
province, major, gender, age, Internet traffic volume, Internet connection time,
and Internet using habit which comprises (t21, a9, tas, to,t1,te, t3,ts,t5). The
output layer is exam failure, where, 1 represents that the student has failed at
least one test of the course, and 0 indicates that the student has no exam failure.

Input layer Hidden layer  Output layer

0000000
(X
0

Fig. 8. The structure of the BP Neural Network

With 15 input layer nodes, and 1 output layer node, according to the empir-
ical formula, the quantity of the hidden layer nodes ranges from 5 to 14. Making
the largest study iteration number as 5,000, and under the accuracy condition
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of 0.1, the results indicates that with 11 hidden layer nodes, the optimal effect
reaches 91.625%. So, accuracy of the hidden layer increases when the nodes
added from 5 to 11, while decreases with nodes from 11 to 14.

After the establishment of neural network modeling, the model is used to
predict the effect of the disconnection time on students’ exam failure rate. Five
groups of students are selected randomly from cluster 4, 5, 6. Each group has
500 students, and their actual failure rates are as shown in Table 1.

Table 1. Failure rate of each group

Group number | Failure rate
1 0.132
2 0.126
3 0.112
4 0.122
5 0.126

3 The Experimental Results

3.1 Disconnection Time v.s. Exam Failure

By changing t21,t22, ta3, tg, t1 to 0 respectively, the simulation data is obtained
and shown in Fig.9. The failure rates of the five groups is declining smoothly
till 24:00 p.m., and reach the lowest at 24:00 p.m. It indicates that there may
be some students use Internet for course learning before 24:00 p.m, and hence
24:00 p.m. should be the time to disconnect the Internet. If the students keep
online till 1:00 a.m., the failure rates increase sharply. So taking the 24:00 p.m.
as the disconnection time would improve students’ academic performance in this
university.

3.2 The Influence of Other Factors

In addition to online time, there are other elements being used for neural network
modeling to predict the students’ academic performance. Source provinces and
academic majors have some influence on academic performance. Hebei province,
Hunan province and Hubei province where students come from are the top 3
provinces of reduction of exam failure rate in response to adjusted offline time
(12:00 p.m.). Similarly, students who major in mechanics, transportation, and
Liberal arts show a similar trend in their academic performance in response to
the adjusted time. However, the difference between students of Hans and other
nationalities is not obvious. That is to say the nationality of students has nothing
to do with the Internet connection limitations which would lead to decline of the
exam-failure rate.
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Fig. 9. The failure rate of the five group

3.3 Incorrect Prediction Explanation

About 9% of the incorrect predictions mainly come from the insufficient data
acquisition and condition prediction. Even though neural network has high mul-
tivariate fitting effect, the analysis of students’ academic performance has high
complexity, and factors with the students’ attributes of this study are not enough.

4 Conclusion

With the popularity of campus network service, it is meaningful to research the
relationship between the Internet using habits and the academic performance
of university students. A comprehensive dataset of the past five years from an
university in China are analyzed in this paper. Firstly, statistical methods are
used, and we reconfirm that no obvious relationship between the Internet using
habits and the academic performance can be found with linear regression. Then,
data mining methods are applied. The clustering algorithm DB-SCAN is used
to classify the online users, and a BP neural network is trained for deep mining.
Lastly, the best moment of 24:00 p.m. is gotten by simulating the disconnec-
tion time with the trained BP neural network model. Therefore, in order to
improve students’ academic performance, we suggest that the Internet should
be disconnected at 24:00 p.m.
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