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Abstract: Hypothesis testing has been pointed out as one of the statistical topics in which students
present more misconceptions. In this article, an approach based on the divide-and-conquer
methodology is proposed to facilitate its learning. The proposed strategy is designed to sequentially
explain and evaluate the different concepts involved in hypothesis testing, ensuring that a new
concept is not presented until the previous one has been fully assimilated. The proposed approach,
which contains several gamification elements (i.e., points or a leader-board), is implemented into an
application via a modern game engine. The usefulness of the proposed approach was assessed in
an experiment in which 89 first-year students enrolled in the Statistics course within the Industrial
Engineering degree participated. Based on the results of a test aimed at evaluating the acquired
knowledge, it was observed that students who used the developed application based on the proposed
approach obtained statistically significant higher scores than those that attended a traditional class
(p-value < 0.001), regardless of whether they used the learning tool before or after the traditional
class. In addition, the responses provided by the students who participated in the study to a test of
satisfaction showed their high satisfaction with the application and their interest in the promotion of
these tools. However, despite the good results, they also considered that these learning tools should
be considered as a complement to the master class rather than a replacement.

Keywords: education; learning environments; educational games; engineering students

1. Introduction

Statistics is a core subject in almost all university degrees. As an example, Garfield and Ahlgren
pointed out that the University of Minnesota offered 160 statistics courses, taught by 13 different
departments [1]. Learning statistics is important as it provides the capacity of conducting logical
reasoning and critical thinking, enhancing interpretation and evaluation skills and facilitating dealing
with highly abstract concepts [2].

However, many students find learning statistics difficult and unpleasant as it can be appreciated
in several studies that reported high levels of statistical anxiety [3–6] or “statisticophobia” [7–9].
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Dykeman observed that, compared to students enrolled in general education courses, students in
statistics courses had lower levels of self-efficacy and higher levels of anxiety [10]. Ferrandino
indicates that the teaching of statistics can be difficult for many reasons that have persisted over
time, across disciplines, and across borders [11]. Ben-Zvi and Garfield pointed out different causes
as, for example, that some statistical ideas are complex and/or counter-intuitive, that students lack
of the required mathematical knowledge, or that they struggle in dealing with the context of the
problem [12]. These difficulties can also be noticed in the large number of research articles devoted to
explain students’ misconceptions related to several statistical concepts [13–16]. These misconceptions
appear in almost all the statistical topics, including descriptive statistics [17,18], probability [1,19],
or statistical inference [14]. Therefore, developing tools that facilitate the acquisition of statistical
concepts is essential. This need increases with the proliferation of online courses on statistics [20–22].
As an example, Reagan points out that several colleges are offering online statistics courses to enable
students to complete their academic curriculum [23]. Mills and Raju also highlight the need to learn
about how to effectively implement statistical courses [24].

To facilitate the understanding of the different statistical concepts and to correct the misconceptions,
several methodologies have been proposed. Two of the most popular approaches are active learning [25]
and the flipped classroom [26]. Active learning was initially defined as “anything that involves students
in doing things and thinking about the things they are doing” [27]. A more recent and meaningful
definition is the one proposed by Felder and Brent [28]. They define active learning as “anything
course-related that all students in a class session are called upon to do other than simply watching,
listening and taking notes”. The use of active learning techniques in statistical courses has raised
students’ confidence in understanding statistics [29], increased knowledge retention [30], and improved
students’ performance [31].

In the flipped classroom methodology, knowledge acquisition takes place out of the classroom so
that the class time can be devoted to more interactive activities. These can be designed, for instance,
to polish the knowledge or to increase students’ motivation. The flipped classroom has shown
several benefits when it has been used to teach statistics. Wilson’s [26] implementation of a flipped
classroom in an undergraduate statistics course had a positive impact in students’ attitude and
performance. Winquist and Carlson found that students who took an introductory statistics course
using the flipped classroom approach outperformed the ones that took the same course in a traditional
lecture-based approach [32]. They observed that the implementation of a flipped classroom in
an undergraduate statistics course had a positive impact in students’ attitude and performance.
McGee, Stokes, and Nadolsky adapted the flipped classroom methodology to identify students’
misconceptions so they can correct them during the master class [33]. The results in Reference [34],
when studying mathematics achievement and cognitive engagement, indicate that students in a
flipped class significantly outperformed those in a traditional class and those enrolled in the online
independent study class. Moreover, flipped learning with gamification promoted students’ cognitive
engagement better than the other two approaches. Faghihi et al. conclude that students who used the
gamified system scored above the median, and their performance was greater than with the alternative
method [35], whereas the results reported by Jagušt, Boticki, and Sin suggest that gamification
improved student math performance and engagement [36]. Sailer et al. affirm that gamification
is not effective per se, but that different game design elements can trigger different motivational
outcomes [37]. In particular, their results show that badges, leaderboards, and performance graphs
positively affect competence need satisfaction, as well as perceived task meaningfulness.

This article focuses on hypothesis testing which, according to Brewer [38], is probably the
most misunderstood and confused of all statistical topics. This assertion can also be appreciated
in the review conducted by Castro-Sotos et al. about the different students’ misconceptions of
statistical inference [14]. Difficulties in distinguishing sample and population [39], confusion between
the null and the alternative hypothesis [40], misunderstandings about the significance level [41],



Mathematics 2020, 8, 2244 3 of 14

and misinterpretation of the p-value [42] are only some of the different misconceptions related to
hypothesis testing.

Apart from the above-described general purpose methodologies that have been used to facilitate
the learning of any statistical topic, there are some research works devoted to teach hypothesis testing.
One of the first works is the one conducted by Loosen, who built a physical device to explain hypothesis
testing [43]. He found that his students were enthusiastic about the apparatus, but he did not report
any quantitative measure. Schneiter [44] built two applets for teaching hypothesis testing. However,
just like Loosen, she did not report about their performance. A more recent work is the one conducted
by Wang, Vaughn, and Liu [45]. These researchers showed that the use of interactive animations
improves the understanding of hypothesis testing but not students’ confidence. Other works have
proposed the use of specific examples, such as a two-headed coin [46] or a fake deck that only contains
red cards (instead of half deck being red cards and the other half being black cards), to demonstrate
hypothesis testing [47].

In this article, a new approach is proposed to facilitate the understanding of hypothesis testing,
based mainly on the divide-and-conquer strategy, on the content exposure control, and on the use of a
gaming environment that increases student motivation.

2. Material and Methods

The proposed approach is supported by six pillars. These aim at providing a solution to the
factors that we assume are responsible for the difficulties in learning hypothesis testing: individual
learning differences, misconceptions, knowledge gaps, and lack of attitude and motivation. The six
pillars are:

• Divide and conquer. Our approach requires an analysis of the subject to be taught, in our case
hypothesis testing, to extract which are the main concepts and which are the dependencies
between them. In this way, it is possible to plan the acquisition of knowledge in a progressive
way, so that students can build the necessary scaffolds to master the subject [48].

• Flipped classroom methodology. Not all students assimilate concepts at the same speed. This causes
that, in the master class, many students tend to tune out. The fact that, in the proposed approach,
the statistical concepts are explained with short videos [49] allows students to watch them as
many times as necessary, following their own pace, which facilitates self-directed learning [50].
These videos cover the key concepts of hypothesis testing, as suggested by Pfannkuch and
Wild [51].

• Content exposure control. In almost all learning platforms, the student can freely move from one
concept (video/chapter) to another. In hypothesis testing, this approach might cause major
complications because the different concepts are presented sequentially and each is based on
the previous ones. If the student has an erroneous concept, its negative effects will extend to
the following concepts. For this reason, in the proposed approach, each new concept will not be
presented until the student demonstrates sufficient knowledge of the current concept.

• Formative assessment and feedback. Our approach evaluates the acquired knowledge as the student
learns and provides useful formative feedback to assist the learning process. Whenever students
make a mistake, they are informed and appropriate feedback is provided to narrow the student’s
possible knowledge gap, favoring the learning based on scaffolding [48].

• Active learning. The proposed approach adopts a problem-based learning scheme [52]. After each
video, the student receives a corresponding set of questions that mimics real situations.
These questions are useful for both formative and summative assessment [53]. On the one hand,
the feedback can be used by students to improve their learning. On the other hand, these questions
also help to assess students’ knowledge.

• Gamification. It has been shown that the use of game elements increases students’ engagement [54].
In a recent review paper, Boyle et al. showed the potential benefits of including games, animations,
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and simulations in the teaching of statistics [2]. For those reasons, several game elements are
included to increase students’ motivation and attitude (e.g., scores, leader-board, or a ranking).

The following section describes how the proposed approach, based on the previous pillars,
is implemented in an application. After that, in Section 2.2, the design of an experiment, aiming at
evaluating the performance of the proposed approach, is described. The obtained results are presented
in Section 3. Finally, the article concludes in Section 4 with a discussion of the obtained results.

2.1. The Hypothesis Testing Learning Tool

The learning tool has been developed using the game engine Unity3D [55] and the Next-Gen
User Interface (NGUI) library [56]. Following, its main components are described, beginning with
an explanation of the main screen and its elements: buttons that lead to video lectures and problems,
and the game elements. After that, the video lectures, problems, and content exposure control
mechanisms are explained in more detail.

2.1.1. The Main Screen

Figure 1 shows the main screen of the application, in which its different elements are shown.
In particular, it contains the following elements:

Figure 1. Main screen of the application.

• Buttons. The application has two types of buttons: circular and square. Each circular button
leads to a video in which a key concept of hypothesis testing is explained. The concept explained
in each video is indicated on the label placed under each button. The courseware includes five
concepts that are: type of contrast (mean, variance, proportion), sample vs. population, the null
hypothesis, the alternative hypothesis, and the p-value and its interpretation to obtain conclusions.
The square buttons present the student with a series of questions related to the concept explained
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in the previous circular button. As it will be detailed, these questions are intended to ensure
that the student does not misunderstand any concept. Until the student demonstrates sufficient
knowledge of these questions, the following videos and problems are blocked.

• Stars. Next to each circular button, there are two stars that can be illuminated or not. If they are
not lit, it means that the student does not have enough knowledge about the current concept
yet. In this case, the following buttons are deactivated so that the student cannot access to them.
When the two stars are illuminated, the student has successfully completed all the problems at
this level. If only one of the two stars is illuminated, it means that the student has demonstrated
a sufficient level of the current concept, even if he did not correctly completed all the questions
asked. When the student gets one or two stars, the following concept is unlocked.

• Ship’s boy and flag bearer. The icon of a ship’s boy indicates to students their progress in the
course. In this way, it is easy to appreciate the concepts that are already mastered and those that
still need to be completed. In addition, there is an icon of a flag bearer pirate that indicates the
position of the most advanced student in the session. This second icon allows students to know
their position with respect to the leader student of his session.

• Score and leader-board. Students receive points as they complete the various problems according
to a scoring system that will be explained later. In the lower part of the screen, the achieved
points can be seen, whereas, in the upper right corner, there is a leader-board that shows the
classification of the top 10 students of the session based on their scores.

2.1.2. Videolectures and Questions

As mentioned, the buttons lead to video lectures and assessment questions. Next, we describe
their functioning.

Videolectures

Each video explains one of the five above discussed concepts and has an approximate average
duration of 6 min. Students can watch each video as many times as desired so that if they are not
able to solve the problems related to a concept, they can watch the associated video again. The only
restriction is that students can only watch the videos that they have unlocked.

Problems and Questions

As mentioned, our approach is based on a problem-based learning strategy [52]. For the
construction of the problems, the difficulty level has been designed to stay within the student’s Zone of
Proximal Development (ZPD) [57], keeping it understandable and reachable, but challenging enough.

Each of the five key concepts is evaluated with six questions. These questions are obtained from
six practical problems that the student must solve. One of these problems is shown in Figure 2. It can
be observed that, in this problem, the student must identify the type of contrast, recognize the data
sample, formulate the null hypothesis, enunciate the alternative hypothesis, and, based on the p-value,
determine if it is possible to reject the null hypothesis or not. It is important to note that students do not
initially receive all the questions related to a problem at once. Instead, they only receive the question,
for each problem, corresponding to the current concept, remaining within their ZPD. Questions related
to more advanced concepts appear invisible until the student has reached that level. That is, if a
student has currently watched the video that explains the concept of the data sample, he/she will
only receive the second question for each of the six problems. Below, these questions are described in
more detail.

1. Type of contrast. The first question evaluates whether the student is able to recognize each one of
the three types of contrasts that are explained in the first video (mean, variance and proportion).
For this, the student selects the type of contrast that he considers associated with the problem
statement from a drop-down window.
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2. Data sample. The second question evaluates whether the student is able to differentiate between
sample and population, both with regards to the concepts and to their notation. To do this,
the student must identify the problem values belonging to the sample and enter them in the
correct text boxes, that is, in the boxes labeled with the corresponding notation to the sample
statistics and the sample size. In addition to these text boxes, there are other text boxes related to
different population parameters in which the student must not include any value.

3. Null hypothesis H0. The objective of the questions associated with this third concept is to
determine if the student is able to recognize the null hypothesis and to write it correctly, using the
appropriate notation of the population and not using the one in the sample. For this, the student
must recognize the data of the problem that corresponds to the null hypothesis and place it in the
corresponding box.

4. Alternative hypothesis H1. The fourth question evaluates if the student is able to identify the
alternative hypothesis H1.

5. p-value and conclusion. Finally, students must determine according to the answers given to the
previous questions, and to the p-value that is provided, if the null hypothesis can be rejected or
not at a significance level α of 0.05. To do this, they must choose the option that they consider
correct between the two possibilities presented to them.

Figure 2. One of the problems (translated to English) included in the courseware.

As previously mentioned, these questions evaluate students’ knowledge about each concept and
are responsible for determining if a student can advance to the next concept or not. When a student
correctly answers the six questions, he/she receives two stars, and, when he answers four or five
questions correctly out of the six, the student receives one star. In these two cases, the following concept
is unlocked, and the student can move forward. When the student answers less than four questions
correctly, he/she does not receive any star and must redo these questions. Following the scaffolding
approach, each time the student answers a question erroneously, he/she receives formative feedback in
the way of a message that helps him/her to identify his/her error, facilitating his progress. Therefore,
it is important to emphasize that the questions do not only assess students’ knowledge; the fact of
receiving feedback and having to repeat the questions until achieving a minimum knowledge allows
students to better understand the concept and to correct their misconceptions.

In addition, the student receives 10 points per question answered correctly on the first attempt.
As there are 6 questions, it is possible to obtain a maximum of 60 points per level. The questions
answered correctly on the second and subsequent attempts provide 5 points. The student must repeat
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the level if he/she was not able to correctly answer up to four questions. Students that correctly
answered four or five questions can repeat a level, until having correctly answered the six questions
and obtaining the two stars.

2.2. Evaluation of the Approach Application

An experiment was conducted to evaluate the benefits of applying the proposed approach with
respect to a traditional master class. Following, the details of the experiment are presented.

2.2.1. Sample

A total of 89 students, who were studying the subject of Statistics belonging to the degree of
Industrial Engineering, participated in the study. Students were informed that their participation
was voluntary and was under no circumstances considered in their academic evaluation. In order
to make the data collected anonymous, a random number was given to each student to access the
application and sign the tests with it. None of the researchers involved in data collection and analysis
were teaching the students who participated in the experiment. After the study, all students were
granted access to the application and all the material.

2.2.2. Assessment of Learning Methods

In order to assess the students’ knowledge acquisition, two comparable problems were prepared.
These two problems were intended to determine whether the student had been able to identify: (i) the
type of contrast; (ii) the data pertaining to the sample together with the appropriate notation; (iii) the
null hypothesis; (iv) the alternative hypothesis; and, finally, (v) the interpretation of the p-value in
relation to the problem in question. Each of the problems was scored either with 1 (totally correct),
0.5 (partially correct), or 0 (incorrect). These two problems were:

Question (Q1): The average expenditure per customer in a store was 89 euros before the recession.
Currently, taking a sample of 70 shopping carts, an average of 86 euros with a standard deviation of
9 euros is obtained. According to these data, and assuming a significance level of 0.05, could we affirm
that you can see the effect of the current recession? Provide your answer by identifying the type of
contrast, the sample data, the null and alternative hypothesis, assuming a p-value of 0.003.

Question (Q2): The ideal weight for 1.80 m tall men is 75 kg. Given a sample of 45 men that
are 1.80 m tall in Spain, the average weight turns out to be 77 kg with a standard deviation of 8.5.
According to these data, can we say that the Spanish are too fat? Provide your answer by identifying
the type of contrast, the sample data, the null and alternative hypothesis, assuming a p-value of 0.06
and a significance level of 0.05.

2.2.3. Experimental Set-Up and Study Groups

The 89 students who participated in the experiment were divided in 3 groups according to
their interest in using the application and their time availability. Students who decided to use
the application indicated their time availability to participate before and/or after the master class.
With this information, we tried to balance the number of participants in each of the groups as much as
possible. The first subgroup, which will be referred as G1 from hereafter, was composed of 10 students.
The students belonging to this group used the developed application some days before the class during
a session of one hour. These students did not have any prior knowledge about hypothesis testing when
they participated in this activity. Days later, they attended to the master class in which hypothesis
testing was explained. The second group, which will be referred as G2, was the control group. It was
made up of 60 students who attended only to the master class. Finally, the group G3 contained the
remaining 19 students who enrolled for attending to the master class and days later had access to the
application for one hour. There were two students of the G1 who used the application, but they did
not attend later to the master class. There were also 4 students from group G3 who attended to the
master class, but they did not appear later to use the application.
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Next, we describe the order in which each group answered the assessment questions. Group G1
received the Q1 question immediately after their session (prior to the lecture) and the Q2 question
after the lecture. Groups G2 and G3 received the Q1 question after the lecture class (none of them
had performed used the application). In this way, it was possible, on the one hand, to use Q1 to
compare the application of the proposed approach and the master class. On the other hand, it also
allowed comparing the performance of groups G2 and G3, which is important to ensure that there
are no differences between students who had signed up for using the application from those who did
not, as both groups had simply attended the master class by the time they answered the question Q1.
Lastly, students belonging to G3 answered question Q2 after using the application. In this way, it was
possible to analyze if it is preferable that students to conduct the session with the application before or
after the lecture. The design of the experiment is shown in Figure 3. From now on, we will refer to the
different sets of scores through the pair formed by the student group and the question presented.

Figure 3. Experimental design including the 3 study groups (G1, G2, and G3), the two assessment
questions (Q1 and Q2), and the results of the statistical analysis.

Additionally, the students who participated in the extra session filled out a questionnaire to
evaluate the acceptance of the application. This questionnaire contained eight five-point Likert items
and two open-ended questions.

3. Results

In this section, we present the results obtained. Figure 3 shows the mean and the standard
deviation of the scores obtained for each one of the participant groups in the different phases of
the study. Before examining these data and the significance of the differences, it is important to
present a result obtained when analyzing the distribution of the scores. This analysis revealed that
the distribution of the scores obtained by the students who used the application followed a Gaussian
distribution, whereas, when students had only attended to the lecture class, it followed an exponential
distribution. Concisely, the goodness-of-fit test to normality Kolmogorov–Smirnov yielded p-values of
0.99, 0.38, and 0.51 for the answers obtained in the pairs-question group G1-Q1, G1-Q2, and G3-Q2,
respectively. Similarly, a Chi-square goodness-of-fit test showed that the distribution scores in G2-Q1
and G3-Q1 followed an exponential distribution (p-values 0.14 and 0.18, respectively).
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After analyzing the distribution of scores, several hypothesis tests were performed to understand
the results obtained. First, we compared the students’ scores in the scenario (G1, Q1) with those
obtained in (G2 and G3, Q1). A t-test showed that the differences were significant (p-value < 0.001).
This result indicates that the proposed approach seems to be more effective to teach hypothesis test
concepts than the lecture class.

Similarly, a t-test also showed that the differences between (G2 and G3, Q1) and (G3, Q2) were
also significant (p-value < 0.001). This result also indicates that, similarly to the previous result,
the application of the proposed approach after the master class significantly improves the knowledge
acquired by students during the lecture.

Another interesting comparison was the one between the scores obtained in (G1, Q1) and (G1, Q2).
The corresponding t-test provided a p-value close to 0.05, which seems to indicate that the lecture class
reinforces the knowledge obtained initially with our approach.

In the comparison of the scores (G1, Q2) and (G3, Q2), the t-test indicated that the results were
not significant (p-value 0.14). However, although this difference is not significant, performing the
application prior to the class seems to provide better results, which is consistent with the flipped
classroom methodology approach.

Finally, the scores obtained in (G2, Q1) and (G3, Q1) were compared to determine if the participants
who used the application after the master class and those who participated only in the master class
were similar. Since the scores in these groups followed an exponential distribution, the non-parametric
Mann–Whitney test was used to analyze the difference. This test showed a p-value of 0.22, indicating
that there were no significant differences between these two groups.

Regarding the subjective acceptance questionnaire about the application of the proposed approach,
Table 1 shows the obtained results. This table shows the eight items that were presented to the students
together with the mean and the standard deviation of their responses. These numbers indicate that the
students considered that the application helps to improve assimilation of concepts and that it should
be promoted. This can be seen in the values obtained for items 1 and 2, in which the means were
4.30 and 4.80, respectively. The students also considered that the experience was positive (item 8).
However, despite these numbers, the students consider this application as a complement to the course
but not as a replacement to the teacher (items 5, 6, and 7). On the other hand, despite that explanatory
messages were clarifying (item 3), this questionnaire also allowed discovering elements that need to be
improved, such as its comfort of use (item 4). In particular, the participants complained about the fact
that our video player did not have the option of reproducing only certain parts of the video.

Table 1. Results from questionnaire about the use of the application.

SATISFACTION QUESTIONNAIRE
Date:
User Id:
Please, answer the following questions related to the application with a number from 1 to 5, using the following codes:
1-strongly disagree, 2-disagree, 3-neither agree nor disagree, 4-agree, 5-strongly agree

Item Mean Score (Std)

1. I think that this type of application helps to improve the knowledge assimilation of the course 4.30 (0.61)
2. This kind of applications should be promoted 4.80 (0.40)
3. The explanatory messages have been sufficiently clarifying and concise 4.26 (0.72)
4. The application is comfortable to use 3.69 (0.73)
5. This application should not be mandatory 3.24 (1.23)
6. This type of programs is good complementary material for the course 4.53 (0.50)
7. This type of material should replace the tutor / professor 2.15 (0.73)
8. I would rate the experience positively 4.30 (0.47)

In addition to the eight items above, students answered two open-ended questions. The first
question asked the student how he/she had felt when his/her name moved up on the leader-board.
This question was answered by 14 students, 13 of whom (92.8%) provided answers related to increased
motivation, while the remaining student replied that he did not paid attention to the leader-board.
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The second question asked students if they had felt the need to overtake other participants on the
leader-board. Of the 16 students who answered this question, 13 (81.2%) answered affirmatively and
justified their response on the basis of competitiveness. The remaining three students answered that
their goal was either to learn or their personal improvement.

The students’ subjective satisfaction, together with the objective values shown above assessing
students’ knowledge, show the benefits of applying the proposed approach.

4. Discussion and Conclusions

In this article, a new approach has been proposed for the teaching of hypothesis testing. It has
taken into account different elements that have been proposed in the literature to facilitate statistical
learning, such as the inclusion of video lectures that allow students to learn at their own pace and a
problem-based learning approach to encourage active learning. Additionally, the proposed approach
includes a mechanism for content exposure control. In this way, students cannot access to any new
concept until they demonstrate having understood the previously presented concepts. This mechanism
provides several benefits. First, it avoids that, if the student has understood a concept in a wrong
way, this error spreads to the following concepts. Second, when students make an error, they receive
immediate formative feedback about it and have the opportunity to correct errors as they occur,
providing a good basis to understand the next concept. In addition, it increases the students’ confidence
making them capable of solving the different questions. Finally, the application that incorporates the
proposed approach contains elements of gamification to increase student’s motivation.

In the experiment, carried out to identify the advantages and disadvantages of the proposed
approach with respect to a traditional class, it was observed that students assimilated the concepts
much better when they benefited from the proposed approach. This was true regardless of whether
our approach had been done before or after the traditional class, although results seem to indicate
that the advantage is greater if it is performed earlier, which is consistent with the flipped-class
learning approach.

The students who used the application based on our approach were able to complete almost
perfectly the six questions that were formulated with respect to the five concepts involved in
the resolution of a hypothesis test. Conversely, in the traditional class, they correctly answered
1.34 concepts on average, in the best of cases. A possible explanation of this remarkable difference can
be attributed to the fact that, in a master class, the different concepts are explained sequentially.
If students are not able to fully understand one of them, they will have serious difficulties in
understanding the subsequent ones, limiting their participation to taking notes that they will use later
to try to understand the subject. Regarding the gamification elements, more than 50% of the students
expressed that these elements enhanced their competitiveness and made learning more entertaining.

If we compare our proposal with others in the literature, we observe that our students also
experimented difficulties understanding the statistical concepts when following the master class,
corroborating the conclusions of the review made by Castro-Sotos et al. [14]. In addition, as suggested
in Boyle et al. [2] and Sailer et al. [37], we included game design elements, such as stars as game badges,
a leader board, a scoring system to indicate performance, and even a flag carrier to show the progress
of the most advanced student in the session. Regarding performance, though most studies on learning
statistics propose improvements, few carry out a formal evaluation. Wang, Vaughn, and Li [45]
did evaluate performance after using different animation interactivity techniques, and their results
indicated that the increase of animation interactivity could enhance student achievement improvement
on understanding and lower-level applying but not on student remembering and higher-level applying.
In terms of confidence improvements, there were no significant differences between their four groups.
In turn, our results, depicted in Figure 3, reflect high student satisfaction and a mean significant
difference of about 2 points out of 5 (p-value < 0.001). As discussed above, our work stands out for
dividing complexity into simpler concepts that students can only access in a controlled, progressive
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manner, and for including elements of gamification, demonstrating a beneficial effect on understanding
complex issues and obtaining positive results in terms of student satisfaction.

Some limitations of this research should be noted. First, the generalization of the conclusions of
this study to other research contexts, subjects, and group sizes should be studied, due to our limited
sample size. Despite this fact, our results showed significant improvement in performance. Another
current limitation is that most learning platforms do not include facilities to implement our proposal to
control content exposure, which means that it must be specifically implemented for each case. In this
study, we created a small learning engine. We hope that, as more studies demonstrate the usefulness
of this approach, tools, such as Moodle or EdX, could consider implementing such functionality.

These results show the need to rethink traditional lectures to include the benefits derived from
methodologies that incorporate current technologies. The acquisition and understanding of difficult
concepts by dividing them into steps or simpler concepts allows students to build the learning.
The content exposure strategy not only controls the progress of students, but it is also a very interesting
tool for the teacher to see what concepts are hard to master, as well as to evaluate whether it is worth
dividing them even further or generating additional material. In addition, it offers the advantage of
providing an overview of the overall progress of the group. Our work shows that, just by using the
application that implements the methodology, the students’ results are reasonably good. This could
offer the possibility of redesigning the master class in a different way, to be more oriented to clarify
concepts or to increase the cognitive level of learning.

We plan to apply the proposed approach for learning different subjects. In addition, not only
gamification elements could be included, but also video games themselves. For example, we are
currently developing a video game to teach quality control. In this video game, the student is
responsible for controlling the filling of a bottling company. To do this, using an avatar, the student
must collect various samples, measure them, and create the control charts. And later, he/she will have
to detect whether or not the process is under control.

This work is only a first step, but its extensions are immediate. For example, since the application
has been well accepted by the students and its usefulness has been demonstrated even without the
intervention of the teacher, it could be offered as a self-learning tool aimed at pre-balancing basic
statistical knowledge among students before starting other courses. It would also be interesting to
dynamically create specific itineraries for each student, tailored according to the particular results
obtained. Future versions can include the adaptive selection of exercises that are based on the
detected errors, fostering deliberative practice [58], since this would enable students to pay more
attention to their weaker areas. Furthermore, with the growth of online courses, especially with
COVID-19, providing learner-centered tools that ensure good understanding becomes even more
relevant. We want to finish this article with a phrase that we heard a student say to another when the
proposed activity ended: “Now, finally, I understood it all”.
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