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: For students majoring in computer science, learning

calculus well is usually required. However, our empirical
observation shows that most students fail to meet the
requirements of calculus courses. Furthermore, many of them
simply lose the confidence and interests in calculus.
Perhaps a possible reason is the diversities in the
mathematics capabilities. Since these students do not major
in mathematics, expecting them to have uniform and solid
mathematics background is not practical. A problem 1is,
similar to other mathematics courses, our calculus courses
are often designed uniformly for all participating students
with no per-student customization. In this research, the
researchers have some assumptions: first, students
demonstrating different characteristics will have different
performance in calculus classes; and second, some students
with some characteristics will perform better in some
specific chapters in a calculus class. To capture the
emotional feelings to students during calculus learning,
some multimedia tools will be adopted along with concept
map and crowd-sourcing based methodologies to verify the
assumptions.
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Cloud and Crowd Supported Mathematics

Learning in Computer Science

Background

For students majoring in computer science, learning calculus well is usually required. However, our empirical
observation shows that most students fail to meet the requirements of calculus courses. Furthermore, many of

them simply lose the confidence and interests in calculus. Perhaps a possible reason is the diversities in the
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mathematics capabilities. Since these students do not major in mathematics, expecting them to have uniform
and solid mathematics background is not practical. A problem is, similar to other mathematics courses, our
calculus courses are often designed uniformly for all participating students with no per-student customization.
In this research, the researchers have some assumptions: first, students demonstrating different characteristics
will have different performance in calculus classes; and second, some students with some characteristics will
perform better in some specific chapters in a calculus class. To capture the emotional feelings to students
during calculus learning, some multimedia tools will be adopted along with concept map and crowd-sourcing

based methodologies to verify the assumptions.

Motivation

Surprisingly, many students majoring in computer science have difficulties in learning mathematics'. A
possible reason is the diversities in the mathematics backgrounds of computer science students. However,
some mathematics are required for computer science students. Generally speaking, the mathematics courses
scheduled in computer science departments are simpler than those scheduled in mathematics departments, so
this should not be a problem that can not be solved. Today, there are several new pedagogies such as flipped
classroom” and problem based learning® and many of them have been proven as effective. Perhaps we should
simply adopt different teaching methods for students struggling in mathematics learning. Nevertheless, before
utilizing a new pedagogy, a more effective method to evaluate the result will be needed so how the new
method performs can be captured.

How do teachers evaluate students’ mathematics learning performance today? In most cases, the results
from homework, quizzes and exams are utilized, especially the written-based ones. Despite of their popularity,
they do not always provide correct evaluation of students' knowledge when it comes to theoretical subjects [5].
Furthermore, homework, quizzes, and exams are post tests, which means they can only be used for assessing
students’ learning performance after a period of time since they attended the classes. How many
homeworks/quizzes/exams can be scheduled in a semester? Too few of them, e.g. 5-7
homeworks/quizzes/exams in a semester, is not sufficient to reflect the learning progress of students. However,
if a large amount of homeworks/quizzes/exams is arranged, the teaching load of teachers will become an issue,
which will still decrease students’ learning performance. According to the research of Petty, the negative
results of teaching load on teaching quality is significant [12]. By the name, the scores obtained from
homeworks/quizzes/exams may not truly reflect students’ learning performance. As stated by O'Malley,
children’s scores don’t match the grades they’ve earned for their work in school [10]. Therefore,
homeworks/quizzes/exams alone does not appear sufficient for evaluating students’ learning performance.
Note that this should be a general case, i.e. not limited to mathematics learning. But, since it is common for
computer science students to have difficulties in learning mathematics and different courses may present
different characteristics, the researchers focus on mathematics learning and use the calculus course as a case

study in this research.

1

https://www.quora.com/Why-do-so-many-college-students-struggle-so-much-to-learn-math-at-the-undergrad-level-even-if-they-did
-well-in-math-in-high-school
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? https://en.wikipedia.org/wiki/Problem-based_learning



The challenge is, in addition to homeworks/quizzes/exams, is there another efficient approach to assess
students’ learning performance and will not incur too many additional teaching load for teachers? Today,
most students are very active on social networks. The survey made by Pempek, Yermolayeva, and Calvert on
2009 found that the mean amount of Facebook use during weekdays was 27.93 minutes per day (SD = 19.43;
Median= 25.00) and weekend days was 28.44 minutes per day (SD = 23.69; Median= 20.00) [11]. Perhaps the
characteristics can be utilized to help evaluate their learning results. For example, one may post several
messages on social networks in one day. By analyzing the contents of her/his posts, the clue of her/his current
learning status can be captured. If students are directed to learning-related social networks, the accuracy of
such evaluation will be even higher. The question is, on social network sites, students tend to express more
about their feelings than about their learning status. Hence, the problem to solve will be whether students’
emotional feelings reflect their learning status or not. Furthermore, it will be good to understand the
relationships between types of emotional feelings and students’ learning status. For instance, if students
express positive emotions about a mathematics topic, does that guarantees good learning performance? If yes,
to what degree? Another challenge is, students use natural language on social networks, which means
ambiguities can not be avoid. How to extract adequate features that reflects students’ feelings about their
learning status and can in turn be used for inferring their learning performance? These challenges are practical
and interesting and thus motivate this research.

The goal of this research is to investigate the relationship between students’ feelings and their learning
performance. Several sub goals have been set:

1. identify important keywords that reflects students’ feelings about calculus classes

2. discover the distribution of the selected keywords

3. use the selected keywords to build a model that can be used to predict students’ learning performance
4

verify the correctness and significance of the model

Literature Review

Many students today are struggling in learning mathematics, researchers find that the situation may be
owed to the inability of the traditional way of teaching to attract the attention of the students to learn
mathematics and hence a need for non-traditional and attractive way is needed [1]. Figuring out the way to
enhance students’ learning motivation and performance has long been a challenging research topic. The
research of Nicolete et al. shows it is important to understand the use of technology and media knowledge,
helping the teaching practice, motivating the process of learning can transform education [9]. This system
proposed by Al-Ajmi provided a suitable environment for e-contents to be utilized easily by the students, their
parents and their teachers under the administrative control and with the help of mentors [1]. The work of
Hallstrom et al. pointed out that it is possible to excite students about learning the mathematical principles that
underlie high-quality software [7]. The research results of Krumm et al. showed the promise in using online
learning system data to develop practical measures of productive persistence [8]. The work of Charoenying,
T., Gaysinsky, A., and Ryokai proposed the conceptualizing instructional practice in terms of coordinating
between the evocation of prior-knowledge, and the construction of new schemes vis-a-vis the enactment of

specific situations may provide designers and researchers alike with a useful shared vernacular that bridges
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the worlds of cognition, learning, and design [3]. It has been proven that analyzing the emotional feelings of
students when they attending mathematics classes will help enhance their learning performance [2]. The
research of Girard and Johnson presented a model of emotions developed with teachers as
participatory-design partners [6]. Chen et al. proposed a method to improve the accuracy and effectiveness of

emotion classification [4].

Research Method

Keyword Collection and Clustering

One’s frequently used words reflect the feelings in her/his mind to a certain degree. However, the
diversities of human languages make it difficult to infer the correct meanings of these words. An efficient
approach to reduce the complexity is to restrict the domains of both the considered words and the
feelings. In this research, the domain is limited to calculus learning related. To further reduce the
diversities and ambiguities, a keyword collection process is executed in advance. Students of
sophomore degree from two classes in the department of information management in Nanhua
university in Taiwan are invited to participate in the keyword collection process. These students have
joined the calculus course in their last semester. They were instructed to write down five positive and
five negative keywords of their feelings about the calculus course. After that, the distribution of the
obtained keywords were performed. Totally, there were 31 students participated, and 266 keywords
were collected. Among them, there were 130 positive keywords and 136 negative keywords. On
average, a positive keyword was used 3.82 times and a negative keyword was used 3.79 times.
Since a keyword can only be used once by one student, the result showed that a positive keyword
was used by 3.82 students and a negative keyword was used by 3.79 students. The standard
deviation of the two group of keywords were 6.03 and 5.41, respectively. The results are

summarized in the table below:

Table 1. the distribution of keywords
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Min Mean Max Median SD

Positive 1 3.82 43 1 6.03

Negative 1 3.79 33 1 5.41

According to the result, it can be concluded that the distribution is very unbalanced. To reduce noises, the
keywords with usage frequency lower than the average were dropped. After the process, totally 30 keywords
were obtained.

After the keyword collection process, a simple Web site was developed to collect the relationships
between these keywords and students’ learning results. Another set of students (who already joined calculus
courses) were invited to enter their feelings about the calculus course they joined and the scores they obtained.
A part of the Web site (developed using google forms) is shown below:

MiED 2B MR B R BRI R E

CE-RES

HOREELENAMISELSTAENSSE -
lmEs

REM

Figure 1. the Web site to collect feelings and scores

In addition to keywords and scores, participants were requested to enter their school year, their class numbers,
and their departments. Totally, there were 176 participants from 4 schools in the investigation and each
participant was asked to select five keywords that match her/his feelings most. Since participants were from
different classes and even different schools, we had to normalize their scores to prevent unfairness. The table

below summarizes the values of keywords and scores:

Table 2. values of keywords and normalized scores

Variable N Mean  Std Dev Minimum Maximum
k1 176 0.38 0.49 0 1
k2 176 0.4 0.49 0 1
k3 176 0.09 0.29 0 1
k4 176 0.34 0.47 0 1
k5 176 0.09 0.29 0 1
k6 176 0.14 0.35 0 1
k7 176 0.16 0.37 0 1
k8 176 0.42 0.5 0 1
k9 176 0.3 0.46 0 1




k10 176 0.02 0.13
k11 176 0.11 0.32
k12 176 0.13 0.33
k13 176 0.09 0.28
k14 176 0.19 0.4
k15 176 0.37 0.48
k16 176 0.16 0.37
k17 176 0.19 0.39
k18 176 0.12 0.33
k19 176 0.14 0.35
k20 176 0.17 0.38
k21 176 0.06 0.23
k22 176 0.06 0.24
k23 176 0.14 0.35
k24 176 0.33 0.47
k25 176 0.05 0.21
k26 176 0.02 0.15
k27 176 0.18 0.38
k28 176 0.09 0.29
k29 176 0.06 0.23
k30 176 0.02 0.13
score 176 0.01 1 -3.7
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As shown in the table above, the adoption frequency of keywords varies from 2% to 42%. Definitely, some

keywords will co-occur with high chances. The figure below shows the co-occurrence table:



K1 K2 K3 K4 K5 K6 K7 K8 K9 K10 K11 K12 K13 K14 K15 K16 K17 K18 K19 K20 K21 K22 K23 K24 K25 K26 K27 K28 K29 K30

Figure 2. the co-occurrence table of keywords
The figure above summarizes the conditional probability of the occurrence of keywords when other keywords
are observed. For example, when the keyword k7 is used, the probability that the user also selects the keyword
k1 is 70%.

At first, a naive idea is to simply use the keywords chosen per user as features to construct the
mathematical model. Considering the high variation of keyword adoption frequency and co-occurrence rate,
the resulting model can hardly be effective. A possible solution is to figure out the relationship between
keywords and use grouped keywords instead of standalone keywords as model features. To keep the most
amount of information, we have to group similar keywords together and hence a mechanism to evaluate the
similarity of keywords is required. In this experiment, the meanings of keywords are not assumed, so semantic
similarity is not available. For each participant, keyword adoption can be viewed as an ordered list K=(k;,
ko, ...... ks) in which n=1~30. Piling up lists from all participants results in a matrix M in which M(, j)
contains the value of the j™ keyword for the i participant. By transposing M into M", a new matrix in which
M'(i, j) represents whether the j"™ adopts the i keyword is obtained. For keyword i, we then define its feature
vector as an ordered list L=(M'(i, 1), M'(i, 2), ...... , M'(i, m)) in which m is the total number of participants.
Based on the definition, we then use the euclidean distance to evaluate the similarity of two keywords. For
simplicity, k-means algorithm was utilized to classify the keywords. The following clustering result is

obtained:

Table 3. the clustering result

Keyword Class
k1l 1
k2 1
k8 1
k9 1
k15 1
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As shown above, there are totally three classes. Due to the nature of k-means, it is difficult to determine the
number of classes in advance. As a result, a certain threshold to stop the clustering process is needed. For any
k-means clustering result, there are two types of distance defined: between-cluster distance and in-cluster
distance. The former represents the distance between cluster centers while the later refers to distance between

nodes and their cluster centers. In this experiment, we use the equation below to calculate the threshold:

D = frac

.

Figure 3. the equation for cluster quality

Theoretically, large D number means clear boundaries between clusters. However, large D number may occur
with very small clusters (i.e., clusters with only few nodes in it), so we have to balance between D value and

number of keywords in each cluster. With 3 clusters, the resulting D value is around 0.5, which should be
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acceptable. Investigating the clustering results also demonstrates reasonable semantic meanings. Cluster 1
includes keywords such as require_practice and enhance logic reasoning ability. Cluster 2 includes
keywords including funny and easy to understand. Cluster 3 contains keywords like difficult and boring.
Roughly speaking, cluster 1 contains positive and aggressive keywords. Cluster 2 contains positive but not

aggressive keywords. Cluster 3 contains negative keywords.

Model Construction

The frequency distribution of the three resulting clusters is very different. The figures below shows the

histogram diagram of the frequency distribution of the three clusters:

HISTOGRAM

30—

20—

10

Frequency

K1'1.-1.5 2 25 3 35 4 45 5

Figure 4. the histogram of frequency distribution of cluster 1

HISTOGRAM

Frequency

1 2 3 4 5 6

K2
Figure 5. the histogram of frequency distribution of cluster 2



HISTOGRAM

Frequency

Figure 6. the histogram of frequency distribution of cluster 3

As shown above, the frequency distribution of the adopting number of keywords in cluster 1 is pretty
balanced. The frequency distribution of cluster 2 is skewed to the left end, which means few participants use
these keywords. The frequency distribution of cluster is skewed to the right end. The characteristic is good for

model training. At first, we classified participants’ normalized scores into several categories. The distribution

of normalized scores is shown below:

Frequency
30 40

20
1

10
1

. L

T T 1 T T T 1
-4 -3 -2 -1 0 1 2

Figure 7. the histogram of the normalized score

Investigating the cumulative distribution, we used 0.24 and -0.14 as cut points to split the score values into
three categories: low(-1), medium(0), and high(1). The cumulative distribution is shown in the following

figure:
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Figure 8. the cumulative distribution of score and the cut points

As shown in the figure above, score values less than -0.14 were labeled as -1, score values between -0.14 and

0.24 were labeled as 0, and score values larger than 0.24 were labeled as 1. Then, a decision tree was created

based on the rpart function of R language. The resulting decision tree is shown below:

Ki<3.074
T

4
K3< §104
410017 <

8/0/2  6/0/11

1/0/15
3/0/14

K1¢[4.07
—

702 ez O3

Figure 9. the resulting decision tree(class 0 is omitted)

In the figure above, K1 means the sum of values of keywords in the first cluster while K3 means the sum of

values of keywords in the third cluster. With 10-fold cross validation, 16 participants were selected as test
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cases, and the prediction result shows 4 wrongly predicted cases and 12 correctly predicted cases, which

demonstrates 75% correct rate.

System Implementation

The current implementation of the proposed system integrates the olat platform and augments it by
adding four functions including: learning feeling selection, learning performance evaluation, related course
materials gathering, and automatic course generation. Learning feeling selection records users’ current
learning feeling during the process of learning. Learning performance evaluation lets users know whether
their performance in the current chapter is good or need more hard work. Related course materials gathering
shows the link to related documents. Automatic course generation tells user how to arrange the courses when

they archive all files in a file and upload it. The screen capture of the current implementation is shown in the

figure below:

* print E
@ Home [ Groups | Learnis rees @ ade trati management [J7Administrati N Q A 0 BILNE O
oM ) BRI HIRER /s R " )
s Jrp— o =
-8 Moo Mot a
:

1 1 PR 3% 4%

CHAPTER

Figure 10. the screen capture of the current implementation (the performance assessment feature)

Results and Discussions

In this project, we developed a method to predict students’ learning performance based on their
demonstrated feelings about the topic they are working on. On 2016/7/20, we did an experiment by organizing
41 students from Lunghwa University of Science and Technology and Oriental Institute of Science and

Technology to test our system. The table below records their test result:

Table 4. the results of the 2016/7/20 experiment

Kiln K2n K3n level total

1 10.045454545 0.090909091 0.863636364 -1 0
12




2 10.264705882 0.441176471 0.294117647 -1 0.333333333
3 10.210526316 0.210526316 0.578947368 -1 0.5

4 0.5 0.375 0.125 -1 1

5 (0.148148148 0.703703704 0.148148148 -1 1

6 [0.12 0.4 0.48 -1 1

7 0.125 0.03125 0.84375 -1 1

8  |0.176470588 0.647058824 0.176470588 -1 L5

9 10.0625 0.5 0.4375 -1 1.666666667
10 10.222222222 0.185185185 0.592592593 -1 2

11 10.833333333 0.166666667 0 -1 2266666067
12 0 1 0 0 2.5

13 10.304347826 0.608695652 0.086956522 0 2.5

14 10.290909091 0.054545455 0.654545455 0 2.5

15 {0.181818182 0.03030303 0.787878788 0 2.5

16 10.909090909 0.090909091 0 0 2.75

17 0 1 0 0 3

18 10.016528926 0.958677686 0.024793388 0 3

19 10.071428571 0.357142857 0.571428571 0 3

20 0 0.384615385 0.615384615 0 3

21 0 0 1 0 3

22 10.285714286 0 0.714285714 0 3.5

23 0 0 1 0 3.5

24 0.6 0.2 0.2 1 3.6

25 10.142857143 0.642857143 0.214285714 1 3.606666667
26 (0.25 0.166666667 0.583333333 1 3.606666667
27 (0.543478261 0.315217391 0.141304348 1 4

28 |0.785714286 0 0.214285714 1 4

29 (0.196721311 0.229508197 0.573770492 1 4

30 |0.142857143 0 0.857142857 1 4

31 (0.090909091 0.045454545 0.863636364 1 4

32 10.032258065 0.064516129 0.903225806 1 4

33 (0.079365079 0 0.920634921 1 4

34 0 0 1 1 4

35 0.25 0.75 0 1 4.5

36 (0.272727273 0.681818182 0.045454545 1 4.5

37 (0.066666667 0.4 0.533333333 1 4.5

38 (0.116071429 0.339285714 0.544642857 1 4.5

13




39 0.5 0 0.5 1 4.666606667
40 10.571428571 0.142857143 0.285714286 1 5
41 10.083333333 0 0.916666667 1 5

To test the effectiveness of our method, we applied the resulting model to assess students’ learning

performance based on the value of K1, K2, and K3. Our model is insensitive for students of average learning

performance level, so we kept only students with learning performance level equals to -1 (bad) or 1 (good).

There were totally 16 students in the two groups. The table below shows their final test results via the

predicted results:

Table 5. the comparison of the result test results and the predicted results

Kin K2n K3n level total )
1 0.045454545 0.090909091 0.863636364 -1 0 -1
2 0.264705882 0.441176471 0.294117647 -1 0.333333333 1
3 0.210526316 0.210526316 0.578947368 -1 0.5 -1
4 0.5 0.375 0.125 -1 1 1
5 0.148148148 0.703703704 0.148148148 -1 1 -1
6 0.12 0.4 0.48 -1 1 -1
7 0.125 0.03125 0.84375 -1 1 -1
8 0.176470588 0.647058824 0.176470588 -1 1.5 -1
0 0.0625 0.5 0.4375 -1 1.666666667 -1
10 0.25 0.75 0 1 4.5 1
11 0.272727273 0.681818182 0.045454545 1 4.5 1
12 0.066666667 0.4 0.533333333 1 4.5 -1
13 0.116071429 0.339285714 0.544642857 1 4.5 -1
14 0.5 0 0.5 1 4666666667 1
15 0.571428571 0.142857143 0.285714286 1 5 1
16 0.083333333 0 0.916666667 1 5 -1

Column level records the real test results while column p records the predicted results. As shown in the table,

in 16 observations, we successfully predicted the final results of 11 participants, which demonstrated

11/16=68.8% accuracy.
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Math learning has never been easy and math learning in computer science is not an
exception. However, the important of math can never be underestimated. In computer
science, it was found that students learning performance in math is strongly connected
with the development of the following capabilities: problem solving, programming,
computer hardware and architecture design, computer science theory understanding,
and software engineering and system analysis. The goal of this research is to develop
a method based on cloud technologies and crowd intelligence to enhance students

learning performance of math in computer science.

Mathematics plays an important role in many learning and research fields, and
computer science is not an exception. Several mathematics topics are
considered required for students who choose computer science as their major.
For exam- ple, most students have to pass the training of basic statistics and
calculus. Additionally, as shown in several surveys, how university students
performed in mathematics classes also affects their working performance. For
those who want to be good programmers after being graduated, a solid
mathematics back- ground is usually needed for writing error-proof programs.
For those who want to participate in research jobs in computer science, the
importance of good math- ematics background is even higher. Some hot

research topics, such as big data,
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put high demand on mathematics capabilities. However, teaching and learning

mathematics are never easy tasks. The situation motivates this research.

According to the survey made by Bravaco et al. at 2009, there are several
reasons about why students majoring in computer science do not perform well

in mathematics [10]:

1.students have wide range of mathematical abilities, so course design is diffi-

cult

2.some students do not see the importance of the linkage between mathematics

and their major

3.it is difficult to get students to take their courses in the best order To deal

with the challenges shown above, the researchers believe that several

information technologies can help. To ease the design difficulties of course
mate- rials due to students wide range of mathematical abilities, e-learning
technologies can be adopted. A possible solution is to augment the traditional
computer sup- ported collaborative learning (CSCL [1]) methods with crowd
technologies. In such a way, we can incorporate the advantages of computer
supported collabora- tive personalized learning methods into CSCL by
organizing collaborative groups dynamically according to students abilities.
Then, the more flexible CSCL groups become stronger supports for students
with different mathematics backgrounds. Furthermore, to help students realize
the importance of linkages between math- ematics and their major, we have to
give them more practical materials. For instance, to have students understand
the importance and use cases of linear regression, including real data prediction

cases in class materials will be helpful.

2 Related Works

For students majoring in computer science, mathematics is a very important
course. The survey made by Konvalina et al. showed that mathematical rea-

soning ability and mathematical background has very important effect for the



potential success in computer science [2]. The work of Henderson et al.
showed a similar result and stated that mathematics is an important tool for
problem- solving and conceptual understanding in computing [4]. The work of
Beaubouef summarized several fields in computer science in which
mathematics is essen- tial [5]. However, learning mathematics has never been
an easy task. Fleming wrote an article on about.com, which said The thing that
makes mathematics difficult for many students is that it takes patience and
persistence. For many students, mathematics is not something that comes
intuitively or automatically - it takes plenty of effort. It is a subject that
sometimes requires students to devote lots and lots of time and energy.
Shermans article summarized several factors about why students struggle in
mathematics [16]. These factors included: in- struction, curricular materials,
the gap between learner and subject, locus of control, memory ability, attention
span, and mathematics language understand- ing. Although former studies

draw to different conclusions about why learning

III

mathematics is difficult, the importance and difficulties of mathematics learn-
ing was stated clearly. Focusing on mathematics classes in computer science,
the work of Bravaco et al. listed the difficulties encountered in teaching [10].
Many pioneering researchers have devoted their works to make learning and
teaching mathematics easier. Some researchers focused on game-based learn-
ing. For example, Zanchi et al. described a Next Generation Preschool Math-
ematics project in which researchers and media developers joined their works
to develop mathematics curriculum supplement that supports young childrens
learning of subitizing and equipartitioning [15]. Kes study indicated that gam-
ing goal structures, beyond the games themselves, yield significant effects on
participants mathematics learning attitudes [7]. Kes another work argued that
using computer-based educational game as a motivational tool for cooperative
learning is more convincing than using it as a cognitive or metacognitive one
[8]. In addition to game-related methods, researchers developed various ways
of benefiting from computer technologies to aid learning mathematics. Niess

highlighted that Mathematics teachers are challenged to think about scaffolding



students learning about spreadsheets while they are also learning mathemat- ics
[6]. Stahl found that mathematics can be accomplished collaboratively, even by
small groups of novice mathematics students helping each other, building
sequentially on each others moves and exploring together, even across session,
and proposed a concept named as virtual mathematics teams [11]. Although not
specifically targeted at mathematics learning, Lambropoulos, N. and Romero
considered the personalised information retrieval in a CSCL task through the
use of a Group-Awareness widget and achieved excellent results [13]. The
work of Edrees proposed e-Learning 2.0, which integrated web 2.0
technologies and tools into educational and institutional practice [14]. In this
research, in addi- tion to CSCL-based technologies, the researchers would like
to benefit from the intelligence of the crowd. The concept is similar with crowd
sourcing, and its importance was pointed out by Greengard in his research

work [12].
3 Cloud and Crowd Supported Mathematics Learning

In this research, the researchers propose a cloud and crowd supported
mathemat- ics learning method which focuses on mathematics classes in
computer science. As stated in previous section, since computer science
students are usually famil- iar and feel at ease with information technologies,
the researchers will design an e-learning system to facilitate the adoption of the
proposed method. The system will utilize crowd intelligence to augment the
traditional CSCL method to help students with various mathematics abilities
benefit from group learning. The system will also utilize crowd intelligence for
the construction of scaffoldings of topic flows and course contents.
Furthermore, the system will utilize information extraction technologies to

obtain real world supplementary materials from the cloud.

There are three types of users involved in the proposed system: teachers,

students, and course scaffold providers. Teachers are the main mediators of a
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course and are responsible for the preparation of course materials, the man-
agement of courses, and assessments. On the other hand, students are main
players in a course. In most cases, students follow the flow designed by
teachers. To benefit from group learning, the system includes various group
interaction utilities. Furthermore, in addition to main materials, students can
read supple- mentary materials that either contributed by teachers or
automatically collected by the system. Course scaffold providers are
responsible for designing scaffolds for course materials or flows of topics. The
designed scaffolds can be used by teachers to aid the design of the course. Note
that teachers can also play the role as students or course scaffold providers.

Figure 1 shows the complete use case diagram.
Fig. 1. Figure 1. the usecase diagram
There are 13 use cases included in the design:

1. Create material scaffold for a topic: a material scaffold defines what should

be include in a class, e.g. exams, main materials, and the criteria of supple-

3 2
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Manage course
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Read report Take lab/assignment Take exam
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mentary materials; additionally, a material scaffold can also include preferred
assessment method for this class

2.Create learning flow scaffold for topics: a flow scaffold defines the flow

be- tween several topics for a class
3.Read main materials: students can read the main materials of a class

4 .Read supplementary materials: students can read the supplementary
ma- terials of a class; supplementary materials can be provided by

teachers or automatically collected by the system

5.Take exam: students can take exams provided by the teacher; note that
if collaboration is allowed and needed, students should execute the

interact with group members use case

6.Take lab/assignment: students can take labs or assignments provided by
the teacher; note that if collaboration is allowed and needed, students

should execute the interact with group members use case

7.Join a manual selected or system recommended study group: classes
adopting CSCL benefit from interaction among group members;
however, how well a learning group is formed will definitely affects the
learning performance; by including a learning group recommendation
module, the proposed system can automatically recommend suitable

groups for students

8.Interact with group members: after joining a learning group, students can
interact with group members; applications such as discussion rooms and

collaboration environments will be provided

9.Read report: students can read their assessment reports of the learning per-

formance for their participated classes



10.

I11.

12.

13.

VI

Managecoursematerials:teacherscanmanagebothmainandsupplementary
materials for a course; note that for automatically extracting
supplementary from the Web, teachers have to specify proper
information sources and ex- traction rules; when managing course

materials, teachers can use existing material scaffolds as templates

Manage courses: teachers create, update, modify, and delete courses
with this functionality; when managing courses, teachers can use
existing flow scaffolds as basis to design the learning flow among topics;

besides, logs of the courses are also available

Manage exams/labs/assignments: exams, labs, and assignments are
impor- tant for students to practice concepts learned from classes and for
teachers to evaluate the learning performance of students; in this use
case, teachers will create, update, modify, and delete exams, labs, and
assignments; also, teachers can correct exams, labs, and assignments
completed by students; note that in some cases, collaboration may be
allowed and required to com- plete exams, labs, and assignments; in
such cases, students should execute the interact with group members use

case

Assess performance: in this use case, teachers will assess students
learning performance; four types of assessment are available:
exam/lab/assignment assessment, manual assessment, group interaction
assessment, and activity assessment; exam/lab/assignment assessments
are based on students perfor- mance on exam/lab/assignment; manual

assessments allow teachers to assess

To implement these use cases, figure 2 illustrates the design and relationships

of system components. Five sub systems are included: the System Management

Fig. 2. Figure 2. the design of system components



Sub System, the Course Design Sub System, the Group Management Sub Sys-
tem, the Assessment Sub System, and the Information Collection Sub System.

These sub systems are described below:

1. System Management Sub System: handle the underlying functionalities of

the whole system

students performance according to their empirical impression; group inter-
action assessments are based on students involvement in group activities;
activity assessments come from analyzing students overall activities such as

how many times students read course materials, etc.
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2.Course Design Sub System: for teachers to design courses

3.Group Management Sub System: for teachers to design and manage

learning groups



4 Information Collection Sub System: for collecting information from the

cloud

5.Assessment Sub System: for assessing students learning performance;
each individual assessment sub modules assess a certain type of

performance and teachers can specify the weight

4 Conclusions and Future Work

In this manuscript, we propose the initial design of a cloud and crowd based
mathematics learning environment targeting the students majoring in computer
science. To teach computer science students mathematics is challenging since
they have diverse mathematics backgrounds. In this research, we listed 13 use
cases along with three system components. In the future, we have the following

goals:

1. complete the listed sub systems2. integrate the sub systems with an existing
e-learning system3. incorporate affective learning concepts into the learning

groups
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