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Abstract

Studying a little about human behavior regarding various
activities, we can conclude that each person has a different
approach for doing activities. Studies shows that these
approaches are somehow similar among people with similar
characteristics and the pattern of behavior of similar people can
be extracted. There is such approach regarding gaining
knowledge and it can be studies, because the path which each
person selects to gain knowledge about certain subjects can be
studied and improved however the differences there are. the main
objective is in fact the possibility of measuring and finding a
method to present a way for learning without supervision,
regarding the similarities among people's pattern of behavior in
gaining knowledge.
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1. Introduction

Regarding numerous backgrounds and extensive
dimensions of knowledge nowadays, one of the important
necessities to pick up knowledge is to look for it regarding
the information background of individuals and their
familiarities with the subject in which they want to gain
knowledge. A learning process for individuals should be
designed and recommended to them in a way that they can
be informed about prerequisite of knowledge they want to
gain in the shortest time and assist them in reaching the
desired point. [1]. The problem here is presenting a
method which focuses on the learning path and study its
impact on the learning curve and recommend the path
which individuals should pass in order to gain knowledge.
Knowing people using the machine learning methods and
studying similarities among people are very salient and
many researchers have studied them. [2]. Therefore, the
reason of this study which is less studied about, is the
degree of similarities among people in knowledge
acquisition.

This similarity can result in individuals not doing
numerous and futile searches and using useless ways and
byways and instead using their energy about the main
problem which is gaining knowledge, because using
similar individuals' experience and evaluating the results
of the studies can result in individuals not repeating
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similar mistakes and have better efficiency. [3]. Based on
this, it can be expected that the performance of individuals
improves and they find out the best way to reach desired
point. [4]

2- Relative work and Implementation

In order to study and find out the similarities, we
use a sample data set. Various algorithms are used to find
out similarities. The algorithms used in this article are k
nearest neighbor and the latent factor. Other types Al
algorithms and machine learning can also be used. [5]. In
pattern recognition, the k-nearest neighbors algorithm (k-
NN) is a non-parametric method used for classification
and regression. In both cases, the input consists of the k
closest training examples and it is an optimization problem
for finding the nearest points in metric spaces. The goal of
this algorithm is predicting about unknown items for users.
For example, look at the following data whose rows are
users and columns are items.

Figure 1 sample recommended items in a MOOC

The information about Ul shows that he has given
points to P1, P2 and P5 and given no points to P3, P4. The
goal is finding out anticipation for the possible points for
items for which points is given. In order to calculate these
anticipations, regarding the similarities among other users
similar to this one, we try to create a set of similar users
with the degree of similarities. At the first observation, we
see that U2's points are approximately similar to the ones
of Ul, while U5 has given completely different marks to
the items. Therefore, we can conclude that the weight of
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U2 and U5 are different compared to the one of Ul and the
trend of U2 is relatively closer.

The sample data set in this study shows attended
courses by users in EDX massive open online course
system. This set has a category column which is
determining the subject of the students' study. For example,
a student has studied about a programming language like
Java and passed courses regarding it or another one has
studied about designing algorithms. so this category is an
important index for categorizing educational courses. The
reason is that usually; an individual has no general
information about a subject [6]. For example, he wants to
gain knowledge about math, while there are various
courses with different preceding and followings regarding
to this subject.

Another salient feature existing in this data set is
the time label T in each row which shows the time of
passing courses by students. In fact the time label indicates
the order of the passed course compared to the other
passed ones by the user, because it is possible that a user
passes more than one course to learn a subject.( This is can
be found from category index ). Regarding the points, they
achieve in time periods, we can find out how those courses
were useful and how they should be ordered about a
certain subject for each person [7].

Another example is that a user wants to gain
knowledge about machine learning so that he completely
dominates its subject. If we search through the data set in
the massive open online course system, we can find
numerous courses for him. But it is not clear which one of
them should precede the other ones or which are
prerequisites and which not for gaining the optimal results.
Therefore, there is no clear learning path for users. The
user should pass numerous courses using the trial and error
method. It is possible that he passes courses which need
previous knowledge. But prerequisite courses are not
clearly stated. For example, subjects like statistics and
probabilities considered prerequisites.

For Extracting a learning path using the k
nearest neighbor on a data set, we can find the closest user
to him regarding language, age, education, previous
background, geographical situation and other features. We
can also observe the courses which each user has passed.
[8]. It is assumed that the first user has passed the course
of the theory of linear regression, factor analysis and
classification to learn about machine learning. The second
user has passed the courses like machine learning with
python, learning basic machine, engineering and the
decision tree. We observe the other close neighbors to the
user and regarding the points of courses passed by each
user, they gain a rank and we achieve different learning
paths for users. In fact, these ways are found out via
searching the raw data. We call this phase of algorithm,
the learning path Extraction. [9]

Therefore, we can recommend optimal learning ways to
current users, using the calculation of Hamming distance
of various learning ways of different users.

For example, we suppose that a user wants to gain
knowledge about computer. His user name is Bins. First
we calculate the k of users who passed courses of
computer sciences and closer to this user. For this, first,
we make a pivot table with rows and columns from users
and their points to various courses, as follows:

Course Title A Global History of Architecture A New National Culture Advanced Introductory Classi = Advanced 3t

3.500000 Hall 2.500000
1.000000 1.0 3.000000
4.000000 1.0 4.000000
1.000000 2.0 4.000000
2.500000 1.0 2.500000
1.000000 1.0 1.000000
2.000000 1.0 4.000000
4.000000 2.0 1.000000
1.000000 2.0 2.500000
4.000000 3.0 wan
2500000 0.0 2.500000

Han 4.0 3.000000
1.000000 Hall 3.000000
2.000000 2.0 Nan
3.000000 2.0 4.000000
2.000000 1.0 2.000000

Hal 2.0 2.000000
3.000000 1.0 3.000000

Hal 1.0 3.500000
2.000000 a0 3.500000
2.000000 Hall Wl

Figure 2. pivot tables of users and their points to courses

The first column shows the users and the others
indicate the presented courses in the system and the
number in any junction of columns and rows is the points
of users. NAN shows that a user has not passed the course.
In the next stage, regarding the descriptions about the
calculation method of distance among users, we must
calculate the users' distance from the active user. Among
the distance calculation methods, the Hamming distance is
a more useful method in solving these problems. Therefore,
this method is chosen and the Hamming distances of other
users form the active one are counted. and the arrays are
arranged in an ascending way.

Usermnams Distam

 f Franecki 2 ._.a82a5
2 Gusikowski 8 ._a2y7a
3 Heathcote B8.a275
£ Al e 2._.a275
5 Jokhn B._.a8275
& Fibi 8.a8275

Figure 3 The distance among users can be seen here

Afterwards the users, are chosen from the
subject group that have passed the desired subject and their
learning path is Extracted. In the next stage the common
feature of these extracted paths are measured with each
other based on their time label and preceding and
followings. [11]
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With Implementing k nearest neighbor algorithm on train
set and finally comparing it with 25 % of test data, we
achieve a learning curve like the following:

Learning Curve (KNN)
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Figure 4. the learning curve - k nearest neighbor

The above chart is the machine learning curve using
the k nearest neighbor in the data set. This curve, in fact
shows that how algorithm calculations and their results
were accurate. The vertical axis, here, is the accuracy of
calculations and the horizontal one is the number of
examples. [12].

In order to achieve the learning path, we can use
public wisdom. The system must observe which courses
precede or follow out of the chosen useful courses and
afterwards, using the Hamming distance, we can find out
common features of learning path and present the results
as the learning path [13]. Path Extraction can always be
improved - the public wisdom is always changing- and
various users give different points to each course in
different time periods. another algorithm which we use is
the latent factor which is used technique in the correlation
filter.

In this algorithm, the main objective is the analysis
of data set to main factors which are indicators of behavior
patterns of the data set. Therefore, the data set is divided
into two separate matrices. The first one indicates the
separate features for each user and the second one states
the features of each items. The multiplying of these two
matrices results in a third one which indicates the data set
itself. Therefore this primary information gives us chance
to get results about the unknown users. [14].

We must note that in this method the studied
features in the user matrix and the one of items must be
similar. The user matrix shows the number of columns and
the one of items shows the number of rows. This reverse
situation is only for making multiplying the matrices
possible and the reverse situation of this is also possible.

.P1 P; P; P4 Ps

.P1 P2 P3 P4 Ps

Figure 5. Latent factor

Consequently, we can find out factors that are
about similarities of users and use them to calculate their
degree of similarities. With Finding out the degree of
similarities of users via the latent factor algorithm, we can
find the similar users and Extract all users' learning path.
Also we can find out the proper learning path for users in
all subjects, regarding the common features in the learning
paths of similar users and time labels. In fact, the process
of extracting the learning path in this algorithm is
completely similar to the k nearest neighbor algorithm.
The only difference is that the latent factor is used to find
similar factors. Implementing this algorithm on test set and
finally comparing it with 25 percent of test data, we
achieve the following learning curve.

. Learning Curve (Latent Factor)
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Figure 6 The learning curve - Latent factor
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3. Conclusion

The findings of this study which was regarding the
improvement of the slope of learning curve in massive
open online course system, are as follows in the two
sections of descriptive and explanatory results.

3.1 Descriptive Results

The descriptive results show that the learning
path has a salient role in the process of gaining knowledge
and its understanding for a user who does not know about
it. traditionally representing a learning path was made
manually by an expert in which personalization is very
unlikely or even impossible. One of the most salient
results of this study is the possibility of measuring and
presenting a personalized learning path by systems without
an expert. The observations in this study shows that the
learning path of each person about a certain subject can be
related to the ones of other ones who are close to him
regarding the geographical, lingual, educational
backgrounds and other features. Via finding the users who
are close to the current one, and extracting a path which
they used to gain knowledge about a certain subject and
linking these paths and extracting a learning path, which is
the result of users' information and other similar ones, we
can present a personalized learning path about a certain
subject. It must be noted that the path of learning without
supervision is presented by the system and given to users.
This result, at first can bring more satisfaction to users,
because a personalized learning path can have major effect
on the method of knowledge achievement, the time for
gaining it and the cost it takes.

Secondly, it results in increasing the market share for
massive open online course system which represent
personalized learning path.

3.1 The Explanatory Results

Previously, the method of Extracting information
based on the type of algorithm for stating
recommendations and differences of each algorithm was
stated in order to establish a recommending system,
without experts, for making a learning path. The two main
algorithms for this activity, the k nearest neighbor and the
latent factor were explained and the method of their use in
studying data of users' educating and learning was studied.
Also the optimal learning path to recommend to users was
studied. Regarding both, the results were studied regarding
the behavior based on increasing the number of samples in
the data set.

Studying the used algorithm and their comparison show
that the latent factor algorithm has more consistency
compared with the k nearest neighbor when it comes to
increasing the number of samples. Although the two
algorithms' accuracy decreases drastically when the
number of samples increases, and the slope of their curves,
first is steep and then it becomes moderate, this decrease is
consistent when it reaches 40 percent in latent factor
algorithm. This is a valuable accuracy for results. in case
of k nearest neighbor, when the number of samples
increases, the results reaches lower than 20 percent.
Nonetheless, the two algorithms can be used in
categorizing users and recommending them an a
recommending system without experts in determining the
learning method can be made based on them. The second
algorithm is more depended on than the first because of its
more consistency.

Figure 7 — The curve of learning — k nearest neighbor and latent factor
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