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According to cross-domain personalized learning resources recommendation, a newpersonalized learning resources recommenda-
tionmethod is presented in this paper. Firstly, the cross-domain learning resources recommendationmodel is given.Then, amethod
of personalized information extraction from web logs is designed by making use of mixed interest measure which is presented in
this paper. Finally, a learning resources recommendation algorithm based on transfer learning technology is presented. A time
function and the weight constraint of wrong classified samples can be added to the classic TrAdaBoost algorithm. Through the
time function, the importance of samples date can be distinguished.The weight constraint can be used to avoid the samples having
too big or too small weight. So the Accuracy and the efficiency of algorithm are improved. Experiments on the real world dataset
show that the proposedmethod could improve the quality and efficiency of learning resources recommendation services effectively.

1. Introduction

With the continuous development of network technology
and educational informationization, the network learning
system is widely applied in every stage of education. How
to improve the intelligence of the network learning system
and the users’ efficiency has become a common concern for
all researchers. It is more and more difficult for students
to look for their interested resources from the increas-
ing learning resources in the network learning system. So
adding learning resources recommendation service to the
network learning system can save the students’ time and
effort on information searching and can free the students
from enormous network information resources. Under these
conditions and needs, the personalized learning resources
recommendation service technique has been gradually devel-
oped.

The personalized learning resources recommendation
service refers to predicting whether the new learning
resources can meet the students’ personalized demand which
is extracted from the previous learning information and
recommending the interested resources to the students.

In order to obtain good recommendation results, a certain
amounts of personalized information should be accumulated.
The accumulation time is proportional to the student’s
learning time in the network learning system. Shortening the
accumulation time is an effectivemethod to improve learning
resources recommendation service efficiency. The cross-
domain learning resources recommendation is an effective
method to shorten the process of accumulating personalized
information.

In this paper, a cross-domain personalized learning
resources recommendation method is presented. First, a
cross-domain personalized learning resources recommen-
dation service model is introduced. Next, a personalized
information mining method is designed. Then, a cross-
domain learning resources recommendation algorithm is
presented. Finally, the simulation results and the experiment
analysis are given.

2. Service Model

There are large amount of learning resources in network
learning system. Generally, the student does not know if
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it contains the interested contents when he studies new
resource. So, he can only check the content or the resource
description. If it does not contain the interested content, the
checking is useless. In order to reduce the useless checking,
the recommendation service should be added to the system.
For improving the service efficiency, a cross-domain person-
alized recommendation service model is presented in this
paper. The service model is shown in Figure 1.

As shown in Figure 1, when students use the network
learning system, someweb logs data are generated.These data
include user name, access date, access times, access time, and
requested URL. Through mining the data, the personalized
information of students are obtained. Put the personalized
information as a basis for personalized learning resources
recommendation into the student personalized information
database. When a student learns some subject, the service
can extract learning information from current subject and
the subjects learned before based on his personalized infor-
mation, and train the recommendation model. Through the
recommendation model, the service can find the learning
resources which the student is interested in the current
subject and recommend them to the student.

3. Personalized Information Mining Based on
Mixed Interest Measure

For a student, what learning resources they are interested in
is the most easy and effective way to reflect his personalized
demands. From the web logs, the service can find out the
learning resources that the student has browsed, analyze what
they are interested in, what they are uninterested in, and then
compose the personalized information of the student.

Now, browsing interest measure [1] is widely used to esti-
mate whether the users are interested in the browsed contents
or not. The browsing interest measure 𝑃 is computed as:

𝑃 =
𝐶 × 𝑇

𝐵
, (1)

where 𝐶 is the browsing times, 𝑇 is the each browsing time,
and 𝐵 is the number of bytes of the browsing content.

In network learning system, the file types of learning
resources are not only text but also image, animation, audio,
and video. In formula (1), the difference from different file
types is not considered. In addition, the learning resources
not only include the resource content but also include the
resource description which is called the brief of resource.
According to the characteristics of learning resources, the
mixed interest measure 𝐼 is computed as follow.

First, the content browsing interest measure 𝑃
𝑐 is com-

puted as the following:

𝑃
𝑐

= 𝜂 × 𝛼 ×

𝑛

∑

𝑖=1

𝑇
𝑐

𝑖

𝐵𝑐
, (2)

where 𝑛 is the browsing times, 𝑇𝑐 is the each content
browsing time, 𝐵𝑐 is the number of bytes of the resource
content, 𝛼 is the coefficient of resource content, and 𝜂 is the
coefficient of resource type.
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Figure 1: Service Model.

Then, the brief browsing interest measure 𝑃
𝑏 is com-

puted as the following:

𝑃
𝑏

= 𝛽 ×

𝑚

∑

𝑖=1

𝑇
𝑏

𝑖

𝐵𝑏
, (3)

where 𝑚 is the browsing times, 𝑇𝑏 is the each brief browsing
time, 𝐵𝑏 is the number of bytes of the resource brief, and 𝛽 is
the coefficient of resource brief.

Next, the browsing interestmeasure 𝑃 is computed as the
following:

𝑃 = 𝑃
𝑐

+ 𝑃
𝑏

. (4)

Finally, the mixed interest measure 𝐼 is computed as the
following:

𝐼 =

𝑃/∑
𝑁

𝑗=1
𝑃
𝑗

1/𝑁
, (5)

where 𝑁 is the total number of the browsed resources.
If 𝐼 ≥ 1, the learning resource is interested; otherwise, the

learning resource is uninterested.
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4. Cross-Domain Learning Resources
Recommendation Algorithm

The basic theory of resources recommendation is analyzing
new learning resources for students based on their person-
alized information and finding their interested resources.
At present, traditional machine learning technology is used
in most of resources recommendation service, and most of
traditional machine learning is based on statistic learning, in
which training data and testing data should be under the same
distribution.

But in the cross-domain recommendation field, tradi-
tional machine learning cannot solve this problem, and the
transfer learning is an effective method to solve it.

4.1. Transfer Learning. Now, transfer learning includes in-
stance-based transfer learning and feature-based transfer
learning [2–7]. Source domain data and target domain
data may have different distribution, yet similar content,
in which case, instance-based transfer learning has more
obvious effect. The instance-based transfer learning refers to
estimate instances from source domain data by somemethod
and applies the instances evaluated better to the learning
task of the target domain. Researchers have proposed many
instance-based transfer learning algorithms [8–12]. Dai and
others [13] have expanded traditional Boosting ensemble
learning algorithm and proposed TrAdaBoost algorithm that
has ability to transfer. The basic idea of TrAdaBoost is that
the source domain data and the target domain data are
mixed, and then they are trained. And after each iteration
training, adapt the weight of the instance which is classified
to be wrong. If the instance belongs to the target domain,
the weight of it which is considered important should be
increased and the effect of the sample should be improved
at the next iteration training. If the instance belongs to
the source domain, the weight of it which is considered
unimportant should be decrease and the effect of sample
should be reduced at next iteration training.

4.2. Cross-Domain Resources Recommendation Algorithm
Design. In TrAdaBoost, the instances are treated in the
same way during the initial weight assignment stage, and
the weights of source domain instances and the weights of
target domain instances are assigned averagely. For learning
resources recommendation, the learning resources that the
students browsed recently are more likely to reflect the
current personalized information, so a time function can
be added to weight assignment stage of the algorithm.
In this way, the importance of learning resources can be
distinguished.

In addition, the instance’s weight which is classified
wrong in target domain in TrAdaBoost algorithm will be
increased continuously. On the contrary, the instance’s weight
which is classified wrong in source domain will be decreased
continuously. When the number of instances which have too
big or too small weight reaches a certain degree, it will decline
the classifier ability of the algorithm. In order to solve this

problem, the weight of the wrong classified samples will be
constrained.

The detailed description of the cross-domain personal-
ized resource recommendation algorithm is shown below.

Step 1. Let 𝐷 = 𝐷
𝑠

∪ 𝐷
𝑜
, where 𝐷

𝑜
= {(𝑑

𝑚+1
,

𝐶(𝑑
𝑚+1

)), (𝑑
𝑚+2

, 𝐶(𝑑
𝑚+2

)), . . . , (𝑑
𝑛
, 𝐶(𝑑
𝑛
))} is the learned

resources set in the current subject, 𝐷
𝑠

= {(𝑑
1
, 𝐶(𝑑
1
)),

(𝑑
2
, 𝐶(𝑑
2
)), . . . , (𝑑

𝑚
, 𝐶(𝑑
𝑚
))} is the learned resources set in

other subjects, and 𝐶(𝑑
𝑖
) ∈ {0, 1} is the category label of 𝑑

𝑖
.

Step 2. Set 𝑅 (𝑅 < 𝑚) and initialize 𝑟 = 0; 𝑅 is the times of
iteration, and 𝑟 is the count of iteration.
Step 3. Initialize the weight of instances:

𝑤
0

𝑖
=

{{{{{

{{{{{

{

(
1

𝑚
) × 𝑓 (𝑡

𝑖
) , 1 ≤ 𝑖 ≤ 𝑚,

(
1

𝑛
− 𝑚) × 𝑓 (𝑡

𝑖
) , 𝑚 + 1 ≤ 𝑖 ≤ 𝑛.

(6)

The time function 𝑓(𝑡
𝑖
) is as the following:

𝑓 (𝑡
𝑖
) =

{{

{{

{

1, 𝑡
𝑖
= 0

1 − 𝜆 × ln(1 +
1

𝑡
𝑖

)

𝑡𝑖

, 𝑡
𝑖
> 0.

(7)

Step 4. 𝑟 = 𝑟 + 1.

Step 5. The weight of sample should be normalized, and it
should be adjusted as the following:

𝑤
𝑟

𝑖
=

𝑤
𝑟−1

𝑖

∑
𝑛

𝑖=1
𝑤
𝑟−1

𝑖

,

𝑤
𝑟

𝑖
=

{{

{{

{

𝑢, 𝑤
𝑟

𝑖
> 𝑢

𝑙, 𝑤
𝑟

𝑖
< 𝑙

𝑤
𝑟

𝑖
, others.

(8)

Step 6. Call weak learner; then get back a hypothesis ℎ
𝑟

(𝑑) :

𝑑− > 𝐶(𝑑).

Step 7. Calculate the error of ℎ
𝑟

(𝑑):

𝜀
𝑟

=

𝑛

∑

𝑖=𝑚+1

𝑤
𝑟

𝑖
×
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𝑟

(𝑑
𝑖
) − 𝑐 (𝑑

𝑖
)


∑
𝑛

𝑖=𝑚+1
𝑤
𝑟

𝑖

. (9)

Let

𝜀
𝑟

=

{{{

{{{

{

𝜀
𝑟

𝜀
𝑟

<
1

2

1

2
𝜀
𝑟

≥
1

2
.

(10)

Step 8. Update the weights of the instances:

𝑤
𝑟

𝑖
= 𝑤
𝑟

𝑖

×

{{

{{

{

1, ℎ
𝑟

(𝑑
𝑖
) = 𝑐(𝑑

𝑖
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𝛽
𝑠
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𝑖
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𝑖
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𝑟

𝑖
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𝑜
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(𝑑
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(11)
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Table 1: Experimental data.

Student (data set) Literature History
Interested Uninterested Interested Uninterested

𝑆
0
(𝑈
0
) 812 614 789 543

𝑆
1
(𝑈
1
) 785 586 856 654

𝑆
2
(𝑈
2
) 914 689 758 542

𝑆
3
(𝑈
3
) 1021 754 699 488

𝑆
4
(𝑈
4
) 654 562 951 623

...
...

...
...

...
𝑆
59
(𝑈
59
) 948 643 751 523

𝑆
60
(𝑈
60
) 987 763 928 616

𝑆
61
(𝑈
61
) 1012 670 789 563

𝑆
62
(𝑈
62
) 965 543 851 652

where

𝛽
𝑠
=

1

1 + √2 × ln (𝑚/𝑅)

,

𝛽
𝑟

𝑜
=

𝜀
𝑟

1 − 𝜀𝑟
.

(12)

Step 9. If 𝑟 < 𝑅, go to Step 4; otherwise, get back the final
hypothesis:

ℎ
𝑅

(𝑑) =

{{

{{

{

1,

𝑅

∑

𝑟=𝑅/2

ln(
1

𝛽𝑟
𝑜

) × ℎ
𝑟

(𝑑) ≥
1

2
×

𝑅

∑

𝑟=𝑅/2

ln(
1

𝛽𝑟
𝑜

) .

0, others.
(13)

In this algorithm, the formula (7) has the following
properties: the function 𝑓(𝑡

𝑖
) on [0,+∞) is monotonically

decreasing; 𝑓(0) = 1; lim
𝑡𝑖→+∞

𝑓(𝑡
𝑖
) = 0; the decrease of

function 𝑓(𝑡
𝑖
) is from fast to slow. Its properties satisfy the

time characteristics of the learning resources. When 1 ≤ 𝑖 ≤

𝑚, 𝑡
𝑖
is the time interval between the browsed time of the

current instance and the recent browsed time of the instances
in 𝐷
𝑠
. when 𝑚 + 1 ≤ 𝑖 ≤ 𝑛, 𝑡

𝑖
is the time interval between

the browsed time of the current instance and the recent
browsed time of the instances in 𝐷

𝑜
. 𝜆 ∈ [0, 1] reflects

the descending rate of the instance’s importance. When 𝜆 =

0, the time characteristics of instances are not considered.
When 0 < 𝜆 ≤ 1, the bigger the 𝜆, the faster the
descending rate of the instance’s importance, and the value
of 𝑓(𝑡

𝑖
)/𝑓(0) is bigger than 1 − 𝜆.

In formula (11), 𝑢 is the upper threshold of the
weight, 𝑙 is the limit threshold of the weight, 𝑢 =

max (𝑤
1

𝑖
) × 𝜃, and 𝑙 = min (𝑤

1

𝑖
)/𝜃. The max (𝑤

1

𝑖
) is

the maximum value of 𝑤
1

𝑖
, min(𝑤1

𝑖
) is the minimum value

of 𝑤
1

𝑖
, 𝜃 ≥ 1 is a real and can be adjusted. When 𝜃 is large

enough, it means that the weights of the wrong classified
instances are not constrained.

5. Experimental Evaluation

This paper chooses the Literature subject and the History
subject to verify the effectiveness of the recommendation
method and select the learning logs of a class with 62 students
as the experimental data from a network learning system
without recommendation service. The learning resources
which are placed in “favorite” by students are used as the
interested resources, and the learning resources which are
placed in “recovery” by students are used as the uninterested
resources. The experimental data sets are composed of the
resources feature expression and their browsed time. Part of
the information is shown in Table 1.

Firstly, test the effectiveness of the personalized informa-
tion mining based on mixed interest measure; the specific
experimental process of the personalized informationmining
for each student is shown as follows.

(1) Extract the records of student 𝑆
𝑖
from web logs.

(2) Extract the records which are corresponding to the
resources in 𝑈

𝑖
.

(3) According to the proposed method, calculate the
student’s interest measure of each learning resources
in 𝑈
𝑖
.

(4) Classify the learning resources according to whether
the interest measure is bigger than 1, compare the
results with the actual categorical attribute, and cal-
culate the accuracy 𝑓 of the method.

The experimental results are shown in Figure 2.
In 62 groups experimental data, 8 groups are between

84 and 85%, 25 groups are between 85 and 86%, 27 groups
are between 86 and 87%, 2 groups are between 87 and
88%, and the average accuracy rate can reach 86.48%, and
these meet the demands of personalized learning resources
recommendation.

Then, apply the data set that was achieved from person-
alized information mining to test cross-domain resources
recommendation algorithm, and the specific experimental
process is as follows.

(1) For each data set, randomly select 10% instances
fromHistory subject and all instances from Literature
subject, use this data set as training set, and use the
rest instances of History subject as test set.

(2) The values of 𝜃 are 5 and 106, the values of 𝜆 are 0.5
and 0.

(3) Train and test, and the iteration times are 1 to 50. We
should compute the accuracy, precision, and recall.

(4) Repeat 10 times, calculate the average of accuracy,
precision and recall.

(5) Calculate the average of accuracy, precision, and recall
of all data sets.

The final comparison results of the average of accuracy,
precision, and recall are shown in Table 2.

Using the same data set, the experimental results of the
traditional methods SVM and TrSVM [12] are as in Table 3.
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Table 2: Final results comparison.

Coefficient Accuracy Precision Recall Comment
𝜃 𝜆

106 0 80.98% 81.63% 81.17% TrAdaBoost
106 0.5 82.11% 82.15% 82.06% Add time function only
5 0 85.59% 86.10% 86.06% Add weight constraints only
5 0.5 86.54% 86.63% 86.42% In this paper

Table 3: Experimental results.

SVM TrSVM In this paper
Accuracy Precision Recall Accuracy Precision Recall Accuracy Precision Recall
55.13% 55.89% 56.03% 82.3% 82.5% 82.4% 86.54% 86.63% 86.42%
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Figure 2: Personalized information mining experimental results.

Using the transfer learning recommendation method,
the accuracy, precision and recall are all much higher than
the traditional SVM method and higher than the TrSVM
method.

It is shown in Table 2 that the accuracy, precision,
and recall of TrAdaBoost algorithm are 80.98%, 81.63%,
and 80.98%. After adding the time function to the weight
assignments stage, the accuracy, precision and recall are
82.11%, 82.15% and 82.06%, just a slight improvment, this
is because the algorithm uses Boosting integration learning
framework, and so the initial weight assignment has a small
effect on the result of final recommendation. When adding
weight constraints only, the accuracy, precision, and recall
are 85.59%, 86.10%, and 85.59%, better than TrAdaBoost
algorithm; this is because there are error data in the data
set obtained from personalized informationmining.Without
weight constraint, the error data will greatly affect the quality
of recommendation service, and under the help of the
weight constraint, the quality of recommend service is greatly
improved. The accuracy, precision, and recall in this paper
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Figure 3: Convergence comparison.

are 86.54%, 86.63%, and 86.42%, apparently higher than the
TrAdaBoost algorithm; the recommendation algorithm in
this paper is more effective.

The convergence comparison is shown in Figure 3.
It is shown in Figure 3 that the TrAdaBoost algorithm

needs about 45 times of iteration to achieve convergence.
While adding time functions or weight constraints, the
algorithm needs about 40 times to achieve convergence, and
the proposed algorithm in this paper only needs about 35
times of iteration. The proposed algorithm is more effective.

The experimental results show that the recommendation
service based on the proposed algorithm in this paper is
superior to the recommendation service based on TrAd-
aBoost algorithm both in quality and efficiency and meets
the demands of personalized learning resources recommen-
dation service.

6. Conclusion

In the personalized learning resources recommendation
service, the learning resources recommendation method
requires a certain amount of personalized information to
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achieve a satisfactory effect. How to achieve the informa-
tion accurately and conveniently and make full use of the
information to recommend is an urgent puzzle to be solved.
We extract students’ personalized information from web log
based on the mix interest measure, put forward a kind of
cross-domain learning resources recommendation method,
and this method not only can take advantage of the students’
personalized information in current subjects but also can
use the personalized information in other subjects they have
learned. The experimental results show that the proposed
learning resources recommendation method can effectively
improve the quality and efficiency of learning resources
recommendation.

Acknowledgments

This work was supported by the National Natural Science
Foundation of China (Grants nos. 60973136 and 61073164)
and the Youth Research Foundation of Liaoning University
(Grant no. 2011LDQN14).

References

[1] S. D. Pierrako and G. Paliouras,Web Usage Mining as a Tool for
Personalization: A Survey, Kluwer Academic Publishers, 2003.

[2] S. J. Pan, V. W. Zheng, Q. Yang, and D. H. Hu, “Transfer
learning for wifi-based indoor localization,” in Proceedings of
the Workshop on Transfer Learning for Complex Task of the 23rd
AAAI Conference on Artificial Intelligence, Chicago, Ill, USA,
July 2008.

[3] J. Ramon, K. Driessens, and T. Croonenborghs, “Transfer
learning in reinforcement learning problems through partial
policy recycling,” in Proceedings of the 18th European Conference
on Machine Learning, pp. 699–707, Springer, 2007.

[4] M. E. Taylor and P. Stone, “Cross-domain transfer for rein-
forcement learning,” in Proceedings of the 24th International
Conference on Machine Learning (ICML ’07), pp. 879–886,
ACM, June 2007.

[5] R. Raina, A. Battle, H. Lee, B. Packer, and A. Y. Ng, “Self-taught
learning: transfer learning from unlabeled data,” in Proceedings
of the 24th International Conference onMachine Learning (ICML
’07), pp. 759–766, Corvalis, Ore, USA, June 2007.
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