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Recommending exercises in Scratch: an
integrated approach for enhancing the learning
of computer programming

Jesennia Cárdenas-Cobo, Pavel Novoa-Hernández, Amikar Puris, and David
Benavides

Abstract In this chapter we focused on how to improve the learning of computer
programming in college students. From the reported success, we relied on Scratch,
a visual programming language for enhancing the informal learning. Despite the
progress achieved in the past, we have observe some issues regarding the use of
Scratch by college students. First, there is a gap between the employed learning
approaches since professors are constrained to classroom activities. Second, certain
students feel unmotivated because they are confronted with programming exercises
that do not fulfill their individual expectations. So, in order to solve this issue we
propose an integrated approach consisting of a simple Web Application that includes
Scratch as a project editor along with an Recommender System for exercises. The
preliminary results demonstrate the positive impact of our proposal.

1 Introduction

In traditional education approaches (e.g., schools), professors play an important role
because they guide the learning process according to a considered structure of the
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2 J. Cárdenas-Cobo et. al

subject. In other words, the knowledge is revealed to the student in an organized
way. This is frequently called formal learning (European Centre for the Develop-
ment of Vocational Training, 2014). Regardless of the benefits of such an educa-
tional model, over the last 20 years the so- called Technology Enhanced Learning
(TEL) has raised alternative models. TEL has been defined as an application domain
that covers technologies for supporting all forms of teaching and learning activities
(Manouselis et al, 2011).

One important example of TEL in the context of programming education is
Scratch (Malan and Leitner, 2007), a visual programming language developed and
maintained by the Massachusetts Institute of Technology (MIT). Thanks to its in-
tuitive style, Scratch significantly reduces the learning curve in children and begin-
ners in computer programming. The key educational approach promoted by Scratch
is informal learning (European Centre for the Development of Vocational Training,
2014). Basically, this is because students are free to create, explore and reuse pro-
gramming projects without the teachers presence. In this way, Scratch can also be
used for supporting the formal, or traditional, teaching of computer programming in
educational environments.

There are some examples of the use of Scratch in higher education (e.g., col-
lege) in introductory Computer Science courses with Scratch, this language suc-
cessfully familiarized inexperienced students with the fundamentals of program-
ming (Malan and Leitner, 2007). Similarly, Scratch has been shown to help students
understand programming by offering a different perspective from traditional envi-
ronments (Wolz et al, 2008). The same authors reported that the transition of the
students to Java or C programming languages becomes easier after learning Scratch
(Wolz et al, 2009).

Since there are benefits to merging formal and informal learning, we have in-
cluded Scratch as an educational resource for teaching the subject of Foundations
of Computer Programming at Universidad Estatal de Milagro (UNEMI) (Ecuador).
Since this started in 2015, there has been an increased motivation and academic per-
formance among the students. Nevertheless, some issues pertaining to the usability
of Scratch were also noticed: (i) there is a gap between the employed learning ap-
proaches since professors are constrained to classroom activities, and (ii) certain
students feel unmotivated because they are confronted with programming exercises
that do not fulfill their individual expectations (e.g., exercises are too easy/too com-
plex). This latter issue has been experienced previously (Tanrikulu and Schaefer,
2011).

Thus, the question arises: How to improve learning with Scratch, while saving
the gap between formal and informal learning approaches, and allow students to
do exercises according to their levels of knowledge and previous experiences? An
intuitive and effective solution to this problem comes from Recommender Systems
(RSs) (Herlocker et al, 2004) (Ricci et al, 2011). Literature reflects several exam-
ples of significant benefits of RSs in educational environments (e.g., reviewed in
(Manouselis et al, 2013) and (Klašnja-Milićević et al, 2015)).

Bearing in mind the above motivations, in this chapter we propose an integrated
approach to improving the learning process with Scratch for college students. This
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approach consists of a simple Web Application that includes Scratch as a project
editor along with an RS for exercises (i.e., problem statements). These exercises are
created by the professor and included in the system. Thus, the student can access
the exercises, solve them with Scratch, and evaluate them according to two criteria:
appeal and complexity.

Based on the record of evaluated exercises, the system recommends new exer-
cises to the student via a collaborative filtering approach. The assumption is that
students with similar evaluations over a given set of exercises are a good source for
recommendation. From a pedagogical perspective, this proposal can be considered
a mediator between formal and informal learning approaches. In other words, it not
only fills the gap between professors lectures and student interaction with Scratch,
it also helps to develop autonomous learning.

The rest of the chapter goes as follows: Section 2 provides a brief overview of
Scratch. Next, we review related works about Recommender systems in learning
environments (Section 3). In Section 4 the proposed approach is presented, being
some preliminary discussed in Section 5. Finally, the conclusion and future works
are outlined in Section 6.

2 What is Scratch?

Scratch is a free visual programming language (VLP) created by the MIT Media
Lab Lifelong Kindergarten Group in 2005. A VLP maps components of high-level
programming languages into equivalent visual concepts (Jost et al, 2014). So, VLPs
can significantly reduce the learning effort in beginners of computer programming
(e.g. children). This is the case of Scratch.

Currently, Scratch goes beyond a simple VLP, it also involves an online commu-
nity and other websites devoted to share projects and experiences. In Figure 1 the
home page of the Scratch website is shown. One important example of these web-
sites extending Scratch is ScratchED 1. It is developed and supported by the Harvard
Graduate School of Education.

ScratchEd involves an online community where Scratch educators share stories,
exchange resources, ask questions, and find people. This project organizes the ed-
ucational resources by means of categories, such as: Education level, Context type,
Curricular area and Language. For example, the Education level category incor-
porates resources for all educational levels, that is, from the Preschool and Kinder-
garten to College and University. Particularly, in the last level more of 326 resources
exist for enhancing the autonomous learning in college students.

In order to illustrate how certain computer science concepts can be mapped into
Scratch’s visual components consider Figure 2. It corresponds to a fragment of a
resource named Computational Concepts Supported in Scratch appearing in the
ScratchEd website. Notice that since the resource is in tabular form it is very self-

1 http://scratched.gse.harvard.edu/
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Fig. 1 Scratch Environment.

explanatory. For sake of simplicity consider the third row corresponding to the ran-
dom concept. As stated in column Explanation, using the pick random component a
random integer number can be generated within a given range. The corresponding
example depicted in the column Example gives a clear idea of how to use such a
component in the Scratch language.

Fig. 2 Mapping of Computer Science concepts into Scratch’s components.
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3 Recommender systems and learning environments

An RS is a software tool that seeks to determine, and suggests, what a particular
user will find useful (Ricci et al, 2011). It is also considered to be part of the so-
called information filtering system, which exploit the user information for predicting
ratings or preferences that the user would give to an actual item (Bobadilla et al,
2013; Lu et al, 2015). Thus, the basic benefit of an RS is that it finds the most
suitable set of items for a target user by maximizing its rating prediction.

According to (Ricci et al, 2011) five types of RSs exists: content-based, knowledge-
based, demographic, community-based, collaborative and hybrid. Collaborative Fil-
tering RSs have been perhaps, the type most widely used (Desrosiers and Karypis,
2011; Elahi et al, 2016). It is built on the assumption that one user may like items
that other users with similar tastes liked in the past. This is more or less the as-
sumption adopted for the RS that was implemented in the present work. Specially,
CFRS involves two major approaches: user-user and item-item (Elahi et al, 2016).
In general, both approaches rely on the Nearest Neighbors algorithm (Desrosiers
and Karypis, 2011).

One of the major areas where RSs have been broadly applied in e-learning envi-
ronments. That is, within the context of TEL (Manouselis et al, 2011) to improve the
students autonomous learning. While in e-commerce domains RSs suggest products
or services to clients, in e-learning environments, RSs suggest educational resources
(e.g., papers, books, courses) to educational participants (e.g., students and/or teach-
ers).

Related literature shows a wide variety of works proposing RSs for e-learning
environments. Some of the most important works in the field are briefly explained
next. For an in-depth survey, the reader is referred to (Manouselis et al, 2013) and
more recently to (Klašnja-Milićević et al, 2015).

The RS CourseAgent was conceived with the idea of enabling students to pro-
vide feedback in implicit and explicit ways (Farzan and Brusilovsky, 2006). This
RS allows the students to directly evaluate courses with respect to (i) their relevance
regarding each career goal and (ii) the level of difficulty of the course. Both param-
eters provide implicit feedback when students plan or register in a course. The basic
and evident benefits of this RS for the students are that (i) it constitutes a course
management system that retains the information about the classes taken, and (ii) it
facilitates communication with student advisors.

The Virtual University of Tunis develops automatic recommendations in e-
learning platforms (Khribi et al, 2009). They are composed of two modules: an
offline module that pre-processes data to build learner and content models; and an
online module that uses those models on the fly to recognize student needs and goals,
and then predict a recommendation list.

It has been argued that traditional RSs are not suitable for supporting e-learning
because, up to now, they have not taken into account two important mechanisms: the
learning processes and the analysis of social interaction (Wan and Okamoto, 2011).
To deal with these issues, the authors of the argument proposed a flexible approach
involving a multidimensional recommendation model and a Markov Chain Model.
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The results showed that more suitable recommendations can be obtained from that
approach. Similar research with a personalized approach was proposed. It relied
on data mining and natural language process technologies for determining learner
relationships based on learning processes and learning activities (Wan et al, 2011).

In order to guide learners in personalized, inclusive e-learning scenarios, an im-
portant analysis was conducted on how RSs can be applied to e-learning systems
(Santos and Boticario, 2011). In that study, three technological requirements for
developing semantic education RSs were provided. Other authors have reported
successful experience using similar ideas. See for example (Ghauth and Abdullah,
2011; Lee et al, 2012; Dwivedi and Bharadwaj, 2013; Tewari et al, 2015).

A framework for rapid prototyping of knowledge-based RSs was also reported in
(Ruiz-Iniesta et al, 2012), and was used for recommending learning objects. From
a software development perspective, the proposed framework is flexible enough for
implementing new approaches since it includes default implementations of alterna-
tive strategies for each of its five stages. Two RSs were implemented in order to
illustrate the benefits of this framework.

Related to the technological benefits of RS in education, there are subjective di-
mensions in this topic which are also important to study. For instance, a psycholog-
ical view to learning with personalized RSs was provided by (Buder and Schwind,
2012). Here, a very good fit between the main features of RSs (collective responsi-
bility, collective intelligence, user control, guidance, personalization) and the princi-
ples in learning sciences is demonstrated. However, the authors claim that a “recom-
mender systems should not be transferred from commercial to educational contexts
on a one-to-one basis, but rather need adaptations in order to facilitate learning.” In
this context, some potential adaptations were grouped into system-centered adap-
tations (e.g., for enabling proper functioning in educational contexts) and social
adaptations (e.g., for addressing typical information processing biases).

Similar to the previous work, in (Peiris and Gallupe, 2012) a conceptual frame-
work is proposed for explaining how evolving recommender-driven online learning
systems (ROLS) support students, course authors, course instructors, system ad-
ministrators and policy makers in development. Moreover, this framework involves
two important perspectives in the constructivist paradigm of learning: cognitive and
situative.

Additionally, an interesting approach to enhance RSs in collaborative learning
environments has been presented in which an influence diagram included the ob-
servable variables for assessing the collaboration among users (Anaya et al, 2013).
By applying machine learning techniques, the influence diagram was refined to in-
crease its accuracy. The main outcome of this work was the development of an
automatic RS together with a pedagogical support system in the form of a decision
tree, which provides visual explanation to the user.

A generic cloud-based architecture for a system that recommends learning ele-
ments according to the affective state of the learner was also presented (Leony et al,
2013). The authors also provided some use cases, explaining the implementation of
one of them. Undoubtedly, this is an interesting technological solution for exploiting
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cloud-based learning environments, which is a common feature in many education
institutions.

An important survey on how to evaluate RSs was conducted in the context of TEL
(Erdt et al, 2015). From an in-depth survey obtained from 235 works on the subject,
it was concluded that there is an important interest in designing better strategies to
evaluate RSs in TEL. Future trends and research opportunities were also highlighted
in the study.

Summarizing the above review, three important conclusions can be drawn:

1. using RS in educational environments is a popular research topic with an increas-
ing number of studies;

2. most of the existing works are technology-based, that is, they proposed RSs for
enhancing the learning process. In contrast, just a few works employ a subjective
perspective like (Buder and Schwind, 2012) for analyzing the role of RS in this
context; and

3. up to our knowledge there are not RS supporting programming learning with
Scratch.

Conclusions 1 and 3 gave us additional reasons for proposing the system ex-
plained next.

4 Scratch+ERS: an integrated approach

The system proposed in this chapter aims to improve the current state of teaching
Foundations of Computer Programming at Universidad Estatal de Milagro (State
University of Milagro), Ecuador, with Scratch. Figure 3 helps demonstrate both the
current and the proposed approaches for such a process.

Solve and 
evaluate
exercises

Recommend
exercises

Informal
learning

a) Current approach b) Proposed approach

Fig. 3 Comparison between the current and the proposed approaches.

In the first approach (Fig.3-a), the professor interacts with students exclusively by
means of classroom lectures (formal learning). The students use Scratch in the tra-
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ditional form, that is, by creating or modifying projects (informal learning). Despite
the benefits of this method, the professor has difficulty controlling the efficiency of
the students interaction with Scratch (i.e., whether the students are properly travers-
ing the knowledge levels in which the course is organized). In light of these facts, a
gap between the informal and formal learning approaches is observed. In addition to
this issue, as we observed over the course of one year, certain students were not sat-
isfied with the complexity of the exercises they are asked to solve with Scratch. For
instance, the more experienced students are faced with too-easy Scratch projects.

A possible solution for these issues is a personalized set of exercises for students.
(An exercise is defined in the context of this research as a problem statement that
the student can solve in Scratch.) However, this demands an individual characteri-
zation of the students in order to assign to them the most suitable set of exercises,
according to their knowledge level and expectations. This is a difficult task for the
professor, mainly because there are too many students and exercises to assign. More-
over, since student learning is a dynamic process, both student characterization and
the suggested exercises are expected to evolve over time. Hence, this assignation
process will be repeated again and again.

An alternative solution is to increase the amount of time in laboratory practice
with the professor present. That way, the professor could control the student’s in-
teraction with Scratch. However, we believe that this would put too much emphasis
on formal learning, which contradicts our education goals. Thus, the challenge is
how to improve the current approach with the least level of professor intervention
possible. More specifically, it is important to find solutions to the issues with the
current approach while maintaining the benefits of employed learning approaches.

With that in mind, a modification is therefore depicted (see Figure 3-b) ): it’s a
simple Web Application composed of Scratch as a project editor along with an RS
of exercises. Notice that this proposal not only allows the interactions of the current
approach, but also personalizes the learning process of students using Scratch. In
this way, the professor is able to control students learning process by creating exer-
cises and including them in the system. Furthermore, students have the opportunity
to assess the exercises in order to inform the system of their personal preferences.
Using this information, the system suggests new exercises to the student, under the
assumption that students with similar tastes and complexity perceptions about exer-
cises are a good source for recommendations.

From a pedagogical perspective, we consider this proposal to be a new mediator
between professors and students. In the following sections, the proposal is presented
in detail. First, the developed Web Application is described through its main mod-
ules and features. Then, the technical aspects of the implemented RS are explained.

4.1 Web Application

The Web Application has an easy-to-use graphic user interface (GUI), and was de-
veloped using PHP and MySQL server as a database system.
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In Figure 4, you can see that in the central zone of the applications main window,
Scratch is embedded as an editor, while in the upper and right zones the rest of the
added modules appear. In the upper zone, the user area provides functionalities in
terms of user access to the system. The user interface for the exercise RS appears in
the right area of the screen. This module, from top to bottom, consists of:

• a clock for measuring how much time the student spent on the exercise
• the exercise statement
• a pool of recommended exercises
• a pool of all available exercises
• a system for evaluating the taste and complexity of the active exercise.

 Scratch

Exercises 
Recommendation

System

 User area

Fig. 4 Main screen of the proposed Web Application.

The main workflow of the interaction between the student and the proposed sys-
tem is also depicted in Figure 5. You can see that, after login, the system checks
whether the student has previously seen an exercise. If the student has, then 10 exer-
cises are recommended following a collaborative filtering approach. Otherwise, the
system selects the easiest and most tasteful exercises among all available exercises.
Regardless, the system builds a list of 10 exercises that are presented to the student.

The rest of the steps are easy to understand by following the diagram. However, it
is important to note that, after submitting the exercise evaluation, the system applies
a collaborative filtering in order to provide a new pool of recommended exercises
to the student. Consequently, the student may face different exercises according to
their individual experience.
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User login 
in the System

Submit the evaluation 

Exercises seen 
previously?

Randomly select the 
10 easiest and most liked 

exercises.

Recommend 
10 exercises

Fill the pool of 
recommended exercises

Want to solve a
recommended 

exercise?

Want to solve
 an exercise?

Select one exercise from the
pool of all exercises 

Yes

Want to evaluate 
the exercise?

Want to exit?

        Yes

Interact with the exercise 

        Yes

No Yes

Select one exercise from the
pool of all exercises 

No

No

No

Yes

No

Fig. 5 Main flow of the proposed Web Application.
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4.2 Technical aspects of the recommender system

The RS included in our Web Application is based on a collaborative filtering ap-
proach, using both users and items (Bobadilla et al, 2013; Lu et al, 2015). Evidently,
in this context, the users are the students, while the items are the exercises to solve
in Scratch. The aim of this RS is to exploit the experience of existing students in or-
der to suggest suitable exercises to a certain student. In what follows we refer such
a student as active student.

Formally, we assume that we have a set of n students {u1,u2,u3, ...,un} and a set
of m exercises {e1,e2,e3, ...,em}, with each student assessing an exercise according
to the following two criteria:

1. Taste (I ∈ {1,2,3,4,5}). 1) 1) It measures how interesting the student found the
exercise. A value close to 1 means that the exercise is not interesting at all for the
student, while a value of 5 means the opposite.

2. Complexity (C ∈ {1,2,3}). It allows stating the complexity level of the exercise
from the student point of view. For this variable, 1 means a low complexity, 2 a
medium complexity, and 3 a high complexity.

In this way, each student will have a record of viewed exercises along with
their corresponding evaluations. Then, by using this record, the goal is to deter-
mine which students have common exercises and an evaluation that’s similar to a
given student. Once this first filter is applied, the next step is to recommend the ex-
ercises evaluated by other students and not viewed by the active student yet. Such a
recommendation system involves the following processes:

4.2.1 Cold start

During the implementation of an RS in real environments a common difficult is how
to recommends when no user experience or data exist. This issue is known as Cold
start (Herlocker et al, 2004). In the case of our RS, we have two scenarios:

1. the system hasn’t any recorded user experience. In this case, a random set of
exercises is proposed to the active student from the pool of all available exercises;
and

2. the active student hasn’t any experience recorded by the system. This is the case
of new users. Here, the system recommends exercises that are most frequently
evaluated by the community with I = 3 and C = 1. This assures that new users
start with the most popular and easiest exercises.

4.2.2 Neighborhood computation

A user-user collaborative filtering approach is adopted here. As mentioned before,
the first step consists of finding the students who are most similar with respect to
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the active user k. To this end, the Cosine similarity function between two vectors
(Bramer, 2013) was considered. These vectors contain evaluations made by two
students with common exercises, according to a certain criteria (e.g., taste or com-
plexity). This measure is applied to each evaluation criteria independently.

More formally, V ∈ {I,C} is an evaluation criteria, and vk and vi the evaluation
vectors for the exercises that the active student uk and the student ui have in common,
respectively. Thus, the similarity between students uk and ui is computed as:

SV (uk,ui) =
vk ·vi

‖vk‖ · ‖vi‖
(1)

SV takes values in the range [0,1]. A value closer to 1 means a high similarity be-
tween the students, while a value closer to 0 means the opposite.

It is important to highlight that Eq. 1 is not able to express the significance of
the number of common exercises with respect to the record of all exercises. In other
words, since Eq. 1 computes similarity by using information from the exercises that
both students have in common, it does not take into account their corresponding
records of exercises. We argue that this information is crucial for obtaining a suitable
computing of similarity between two given students. In this regard, the following
expression was employed:

SP(uk,ui) =
|Hk ∩Hi|
|Hk|

(2)

here, Hk and Hi are the sets of exercises seen by students uk and ui respectively. It is
easy to note that Eq. 2 quantifies the significance of the number of exercises that the
active user k has in common with user i by computing the percentage of common
exercises regarding the record of the active user. This expression is defined also in
the range [0,1], with possible values the same meaning as Eq. 1.

So we have three sources for computing similarity for every pair of students: Si,
Sv, and Sp. The question is how to aggregate them in order to obtain a single value
for the overall similarity. Several alternatives exist to deal with this. For instance,
an average or weighted sum of the three similarity values could be used. Another
approach is to multiply them:

S(uk,ui) = SI(uk,ui) ·SC(uk,ui) ·SP(uk,ui) (3)

here, SI and SC are defined by Eq. 1, while SP is given by Eq. 2. Notice that since
SI ,SC and SP take values in [0,1], then S will also take values in this range.

The final step after computing similarity with Eq. 3 is to sort the students ac-
cording to their corresponding similarity values regarding the active user k. This
sorting operation is performed in descending order involving students with S > 0.
The obtained set of sorted students is denoted by Uk.
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4.2.3 Building the list of recommended exercises

In this process, a list of exercises recommended for the active user uk is created
by iteration through Uk. Specifically, for each student of the Uk set, exercises not
evaluated by the active user are added to the list. This process runs until the list is
completed with 10 exercises, or no more students from Uk remain to be analyzed.
In this latter case, the list is completed with the exercises that the community more
frequently evaluates, but not previously evaluated by the active user.

5 Preliminary results

Evaluating RSs in educational environments is an ongoing research topic. It is in-
deed a complex process because it involves several goals that are hard to assess
(e.g., knowledge acquired by the student and user satisfaction, among others). These
evaluation goals can be grouped into three broad categories: RS performance, user-
centric effects and learning effects (Erdt et al, 2015).

Due to the characteristics of our educational environment and the relative short
time of use of the proposed system, a Real-Life Testing methodology was adopted
(Erdt et al, 2015). Its main goal is to assess the system according to perceived satis-
faction of real users (i.e., the students).

A total of 64 students from both Computer Science and Industrial Engineering
participated in the analysis. Both of these areas of study include the Fundamentals
of Computer Programming course in their curricula. However, more motivation was
expected of Computer Science students than of the Industrial Engineering students.
Such a difference can be useful for assessing the system from two distinct view-
points.

After using the system over a period of three months, we gave the students a
questionnaire asking their opinion of nine assertions. Table I shows these assertions
according to the above-mentioned three evaluation goals (Erdt et al, 2015). More
emphasis was put on evaluating both learning and user-centric effects (e.g., more
assertions are included for assessing these goals). In this context, they seem to be
more valuable criteria than the RS performance since:

1. it is difficult to assess accuracy in the presented RS if no data are available for
conducting offline experiments; and

2. the system will take no more than 100 users; consequently, when users are ac-
cessing the Web Application, it’s expected there will be no system overload. In
addition, for that number of users the similarity computations and the sorting op-
eration explained in the previous section can be performed in an efficient manner.

However, two assertions related to the accuracy and response time of the system
have been included (e.g., assertions A1 and A2). It is clear that both are less precise
than those obtained from an offline experiment, since they were measured based
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on opinions of real users. However, the authors are aware that a greater number of
technical tests will be needed, which will be the subject of future works.

The nine exposed assertions were responded to using one of these five levels:
strongly agree, agree, neither agree nor disagree, disagree, and strongly disagree.

Table 1 List of assertions employed in the questionnaires for assessing the proposed system.

Evaluation Goal Code Assertion

RS performance A1 Scratch+ERS recommends to me exercises according to my skills in
computer programming.

A2 The interaction with Scratch+ERS is fast enough.

User-centric effects A3 I believe that taste and complexity are not only simple but effective
criteria for evaluating the exercises I faced.

A4 Scratch+ERS presents a comfortable graphical user interface and nav-
igation.

A5 I consider that Scratch+ERS to be a different but better system than the
Scratch without recommendations.

Effects of learning A6 I have more chance of being promoted if I use the Scratch+ERS appli-
cation.

A7 I believe that the Scratch+ERS will help to improve my academic per-
formance in the subject Fundamentals of Computer Programming.

A8 Scratch+ESR helps to personalize my learning in computer program-
ming.

A9 I think that by using Scratch+ERS I have improved my autonomous
learning.

The results of the questionnaires (Figure 6) were organized into three groups: (a)
Satisfaction of Computer Science students, (b) Satisfaction of Industrial Engineer-
ing students and (c) Overall satisfaction. The latter is the aggregation of the first two
groups. A generally acceptable degree of satisfaction is appreciated. For example,
more than 50% of the students at least agreed with all the assertions.

However, differences exist between the first two groups. As expected, Computer
Science students are more critical than Industrial Engineering students (Figure 6-a
and Figure 6-b). In both cases, a significant number of students do not agree with
A1, indicating that much more work has to be done regarding the systems accuracy.
A similar conclusion can be derived from the system time response (A2).

As for the user-centric assertions (A3, A4, and A5), more than 60% of the stu-
dents from both careers at least agree, and 40% strongly agree with assertion A5:
that the proposed system is better.
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Finally, regarding the assertions for evaluating the learning effects (A6, A7, A8,
and A9), a clear difference exists between both areas of study. For instance, about
60% of Computer Science students agree with those indicators, while 75% of In-
dustrial Engineering students agree.

In general, there was a suitable satisfaction level from the students of the pro-
posed system (Figure 6-c).

0% 
10% 
20% 
30% 
40% 
50% 
60% 
70% 
80% 
90% 

100% 

A1 A2 A3 A4 A5 A6 A7 A8 A9

B)	SATISFACTION	OF	INDUSTRIAL	ENGINEERING	STUDENTS

Strongly	agree Agree Neither	agree	nor	disagree Disagree Strongly	disagree

0% 
10% 
20% 
30% 
40% 
50% 
60% 
70% 
80% 
90% 

100% 

A1 A2 A3 A4 A5 A6 A7 A8 A9

C)	OVERALL	SATISFACTION

Strongly	agree Agree Neither	agree	nor	disagree Disagree Strongly	disagree

0% 
10% 
20% 
30% 
40% 
50% 
60% 
70% 
80% 
90% 

100% 

A1 A2 A3 A4 A5 A6 A7 A8 A9

A)	SATISFACTION	OF	COMPUTER	SCIENCE	STUDENTS

Strongly	agree Agree Neither	agree	nor	disagree Disagree Strongly	disagree

Fig. 6 Satisfaction of students with the system according to the questions.
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6 Conclusion and future work

In this chapter, an integrated approach for improving computer programming stu-
dents learning process with Scratch is proposed. Our previous experience regarding
the use of Scratch for complementing the teaching process of Foundation of Com-
puter Programming at Universidad Estatal de Milagro, Ecuador, provides important
evidence that such a learning strategy can be improved. Specifically, for solving two
issues: (1) the current gap between the formal and informal learning approaches and
(2) a personalized interaction between the student and Scratch.

An easy-to-use Web Application was therefore developed that involves Scratch
along with a recommender system for exercises. A Real-Life Testing methodol-
ogy was adopted in order to validate this approach. Students were asked to assess
nine indicators regarding three goal areas: (1) recommender system performance;
(2) user-centric effects; and (3) learning effects. In general, a significant level of
satisfaction among the students was observed.

However, this is considered to be a first step towards having a better system. Fu-
ture works will be oriented to improve both, the recommender system performance
and Web Application usability. Besides, we will explore the inclusion of our pro-
posal into the Scratch source code with aims of sharing its benefits with the existing
community.
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