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Abstract: A simulation assisted learning method is introduced to deal with students’
misconceptions concerning the properties of estimators; bias, efficiency and
consistency. The design of the exercise is based on cognitive conflict theory, i.e. the
simulations provide contradictory information to obtain a conceptual change and
induce students to abandon misconceptions. The evaluation of the intervention is done
by a pre-test and both a post-test and a delayed post-test. As predicted by the
cognitive conflict theory, individual characteristics, such as values and attitudes
towards learning and passing a prior mathematical course, are important to obtain a
meaningful cognitive conflict.
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1. INTRODUCTION
The process of acquiring knowledge is not necessarily straight forward and depending
on the topic, students can develop serious misconceptions. New information can be
misunderstood and concepts can be too simplified in a way that the original idea is lost.
A key feature of cognitive conflict theory is to identify the misconception and provide
anomalous data or contradictory information to obtain a conceptual change. Limón
(2001) provides an excellent review of the literature on cognitive conflict theory. An
important finding is that, despite results of some positive effects, it seems to be difficult
to achieve a strong conceptual change. In some cases, the new information is simply
assimilated and a cognitive conflict is never achieved. In other cases only a partial
change is achieved, but this change eventually disappears after some time of the
intervention. Limón (2001) argues that earlier literature has been too focused on the
individual’s cognitive process, and thereby leaving out important factors related to
individual characteristics. To obtain a meaningful conflict many variables should be
considered. For example, students should be motivated, have a certain amount of prior
knowledge and have reasoning abilities. It is possible that the students do not realize
that the provided information is contradictory at all, or simply, do not find the exercise
interesting. In some cases the information is considered contradictory, but the students
are unable to realize its implication for their current beliefs.
Many basic concepts in statistics are highly abstract, and Watts (1991) found that
this is the main reason for considering statistics relatively difficult compared to other
subjects. Simulation assisted learning provides a method to overcome these difficulties
and students can, for example, clearly distinguish a parameter estimate from its
corresponding parameter in the population.
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Liu, Lin & Kinshuk (2010) use Simulation-Assisted Learning Statistics (SALS) in a
study of 72 students. The experiment is based on the cognitive conflict theory, and the
purpose is to correct misconceptions concerning the correlation coefficient. The results
indicate that the method is effective to correct misconceptions. Morris et al. (2002) also
use computer-based learning activities to contribute to students understanding of the
correlation coefficient and measures of central tendency. Their method involves direct
manipulation of data and graphical displays. Pre- and post-tests indicate that the
exercise had a significant effect concerning the mean, but the difference was not
statistically significant for the correlation coefficient. Hodgson & Burke (2000) provide
a short review of the literature on using simulations in the understanding of statistics.
They conclude that simulations can promote understanding, but the exercise can also
provide new misconceptions. If a student does not possess sufficient skills, it is possible
that he cannot distinguish salient from non-salient features of the exercise, and, as a
consequence, a student can acquire both knowledge and new misconceptions.
The purpose of this study is to evaluate a simulation assisted learning method based
on the cognitive conflict theory. Misconceptions concerning the properties of
estimators, i.e. bias, efficiency and consistency, are common, and a simulation exercise
is proposed to obtain a cognitive conflict. We use pre-test, post-test and delayed post
test to evaluate if a meaningful cognitive conflict is obtained. In addition, a sufficiently
large sample is collected to analyze the importance of different characteristics related to
the student. Prior knowledge, cognitive ability, values and attitudes towards learning,
motivation and interest are analyzed in relation to the performance of the simulation
exercise.
Individual characteristics are found to be important to explain if a meaningful
cognitive conflict is achieved or not. The values and attitudes towards learning seems to
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be particular important. Having a passing grade in mathematics is also important for a
meaningful cognitive conflict. The characteristics of the students are, indeed, important
to obtain a meaningful conceptual change. Interestingly, a characteristic that favor an
instant cognitive conflict does not necessarily do so in a delayed post-test implemented
in the final exam. Evaluating both short-run and long-run effects of an intervention is,
accordingly, found to be important.

2. METHOD
2.1 Design
The study was implemented in three stages. The first stage was to obtain information on
individual characteristics of the students. At the second session of the course, all
students were asked to answer a survey in the computer-lab. The second stage was
implementing the simulation study at approximately week 13-14 of the course. Before
that session the students had received a theoretical class which included a discussion
concerning the properties of estimators; bias, efficiency and consistency. The final stage
was to include a delayed post-test as a part of the final exam.

2.2 Participants
The experiment was implemented at the University of the Balearic Islands in the course
Analysis of Economic Data. The course is a mandatory introductory statistical course in
the second semester of the Economics program and the Business and Administration
program. Five teachers implemented the exercise in eight different groups, and a total of
186 students attended the session for the simulation exercise. This is the sample that is
analyzed in this study. The average age, among the students that participated in the
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session for the simulations, and also had answered the survey during the first week is
20.4 years old. About 50.6% are female students.

2.3 Individual characteristics
The idea to collect information on individual characteristics is to be able to evaluate the
performance of the computer assisted learning method in relation to the cognitive
conflict theory. In particularly, it is interesting to identify for which characteristics the
method is effective or not. Limón (2001) includes a list of variables related to the
learner that is claimed to be important to obtain a meaningful conflict. Below we have
formalized the main characteristics into several different questions and measures.

Table 1. The measurements of the individual characteristics.
Concept
Prior knowledge

Measurement
- 3-questions measuring statistical knowledge [0-3]
- Grade Point Average (GPA) [0-10, but truncated at 5 for university students]
- Grade in mathematics [0-10]

Reasoning abilities

Cogntive Reflection Test [0-3]
“How strongly do you agree or disagree with the following statements?
(1=strongly agree to 5 = strongly disagree)”
Values and attitudes towards [Simply knowing the answer, rather than understanding the reasons for the
learning
answer to a problem, is fine with me.]
[When I find it too difficult to understand a problem I often try to memorize its
solution, instead of making the effort to understand it.]
[Simply passing a course (in general), rather than understanding the content of
the course, is fine with me.]
[Simply passing this course in statistics, rather than understanding the content of
the course, is fine with me.]
Motivation and interests
[Doing well on this course is important to me.]
[I will engage in good effort throughout this course.]
[I am curious about how I do on the evaluations of this course relative to others.]
[I am not concerned about the score I receive on the assessments of this course.]
[This is an important course to me.]

To measure prior knowledge we propose three different measures. Firstly, we let the
student answer three different statistical questions, giving one point for each correct
answer. The first two of these questions have been used in (Toplak, et al. 2011) and the
third was used in Hoppe & Kusterer (2011). The questions are included in Appendix A.
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Secondly, we asked the students for their Grade Point Average (GPA) from secondary
schooling which was used to access University studies. This measure captures a more
general prior knowledge. Thirdly, we asked for the grade in a course in mathematics
that they had during the first semester. This question was included in the survey in the
same session as the simulation exercise, because not all students had received their final
grade at the time for the first survey.
The reasoning abilities are measured with the Cognitive Reflection Test (CRT)
presented by Frederick (2005). The test consists of three questions that are all
constructed with an intuitive incorrect answer. The questions are included in Appendix
A. To find the correct answer students will usually have to override their initial thought,
and reflect further, to find the correct answer. The test has received a massive impact in
the literature. The reasons are probably because the test is not time consuming to
implement in a survey, and the test possess strong explanatory power since it measures
the performance, instead of relying on self-reported characteristics of the participants.
To measure values and attitudes towards learning the students were asked: “How
strongly do you agree or disagree with the following statements? (1=strongly agree to 5
= strongly disagree)” and several different statements were presented. The exact
formulations are included in Table 1. The main idea is to capture the students’ selfassessed opinion about their willingness to understand, or simply know the answer,
memorize it, or even pass a course without understanding its content. These kinds of
questions are also used in Ardelt (2003). Motivation and interest were measured in the
same way. The students were asked to reveal their self-assessed opinion concerning the
importance of the course, the effort they would engage etc. These questions were
adapted from The Student Opinion Scale (SOS) included in Sundre (2007, unpublished
observations). Note that the SOS actually is a post-test, i.e. it is implemented after the
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students had taken their exam. In this study we preferred to ask the questions the first
week, to avoid endogeneity problems, i.e. motivation is likely to be affected by events
occurring during the course. If we evaluate the effect of motivation measured at the
final part of the course, we would likely capture effects that actually comes from these
factors affecting motivation and the relevant effect of motivation would be difficult to
determine.

2.4 Pre- and post-tests
The session for the simulation exercise was structured in the follow way; All students
answered a short test to measure their initial knowledge and possible misconceptions.
After approximately 10 minutes, when the students had submitted their answers, the
teacher introduced the simulation exercise. The students used an Excel-sheet with
simulations to answer 10 questions. The questions were presented with instructions on
how to use the simulations to answers the questions. The students were allowed to seek
help from the teacher and/or peers to understand the exercise. No discussion was done
concerning the initial questions included in the first survey. After approximately 30
minutes most students had answered and submitted their answers. Once all of the
students had submitted the answer the teacher made a short review of the correct
answers and students were allowed to ask questions. This summary took approximately
5 minutes, and once it was finished the students opened the post-test, which included
the exact same questions as were used in the pre-test, and, in addition, a few questions
concerning, for example the grade in an earlier course in mathematics.
In the final exam, approximately 4-5 weeks after the session, the same questions
were repeated to obtain information on a delayed post-test. The students were never
informed that the same questions were to form part of the final exam. The students did,
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however, have the opportunity to review the material as it was a part of course, and
obviously could be included in the final exam. There are two important reasons to
include the delayed post-test in the final exam. Firstly, this is a way to maximize the
sample size, since attendance is, without doubt, higher in the final exam, compared to a
single class. Secondly, evaluating the delayed post-test in the final exam simulates the
most common learning situation, i.e. the students receive a learning intervention, but the
evaluation of the students’ performance usually is in form of a scheduled exam.
Accordingly, the students’ own decisions and efforts are important parts of the learning
process and this is relevant for the long-run effect of an intervention. Obviously, this
should be kept in mind when the results are analyzed. The alternative would be to
evaluate the delayed post-test as a surprise test in a class a few weeks after the
intervention. The students’ decisions and efforts would still matter, and the effect could,
in any case, not exclusively be interpreted as due to the intervention. The effect would
also be transitory as students later would review the material and the relevant effect
would not necessarily be the same. We find it more interesting to evaluate the aggregate
effect and see the intervention and the students’ efforts, as integrated parts of the
learning process. All of the pre-and post-tests included the following questions, where
the correct answers are marked in bold.

Table 2. Pre- and post-tests
Questions
1. It is said that an
estimator is unbiased if:

2. An estimator is more
efficient than another:

3. An estimator is
consistent:

Multiple-choice answers
a)
It is an estimator that does not make mistakes.
b)
It is an estimator that makes very small mistakes.
c)
It is an estimator that does not make systematic errors.
d)
It is an estimator that is very reliable.
a)
If the errors are smaller.
b)
If it is more precise.
c)
If it is always right.
d)
None of the above.
a)
If it is unbiased and efficient.
b)
If it is an optimal estimator.
c)
If as the sample size grows the bias is smaller.
d)
If as the sample size grows its bias and variance is decreasing.
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Common misconceptions were deliberately included among the answers. During the
session the idea is that the students will face contradictory evidence that will guide them
to a conceptual change in favor of a correct answer.

2.5 Using simulations to study the properties of estimators
In the exercise, Monte-Carlo simulations are used to study the properties of four
different estimators of the population mean. 100 samples were generated for the samplesizes; 20, 40 and 60 observations. Each sample was generated based on a normal
distribution, with a population average, µ = 5 and a population variance, σ 2 = 1 ,
N (5,1) . The function in Excel that generates a random draw, as explain above, is
=NORMINV(RAND(),5,1).

The following estimators of the population mean were

calculated for each of the samples.

Table 3. Description of the estimators used in the simulation study
Estimator
n

µ1 = x =
µ2 =

1
∑ xi
n i =1

1 n −1
∑ xi
n − 1 i =1

1 n
∑ xi
n + 1 i =1
µ 4 = x1

Comment
The estimator is the sample mean.

The estimator is the sample mean for the n − 1 first observations. The last
observation is simply not used in the calculation.
The estimator is similar to the sample mean, but the sum is divided by n + 1 .

µ3 =

The estimator is simply to use the first observation in the sample.

In addition to calculating these measures for all samples, the mean, variance and mean
squared error (MSE) were calculated. All the calculations were prepared in Excel and
automatically updated for new random samples each time a student pressed F9. The
students did not need to do any calculation and could focus on analyzing the results.
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The instructions and questions that were made available to the students are included in
Appendix B.
Related to the misconceptions included for the concept “bias”, it is easy to see that
all estimators commit mistakes, in the sense that the estimator is not equal to the
population mean of 5. Repeating the simulations a few times makes it evident that these
mistakes can be large, and still they are not a systematic mistake. Hence, estimator 4 is
unbiased, but certainly not reliable as option d) suggest for an "unbiased" estimator.
Estimator 3, systematically underestimates the population mean, and this is the example
of a biased estimator.
The misconceptions concerning if an estimator is efficient is that "it is always right"
and "if the errors are smaller". Clearly, an estimator that is always right would not be
possible to have, given that we have a random sample from a population and that a
variable (i.e. not a constant!) is analyzed. Efficiency does not really refer to the size of
the errors, but rather the relative accuracy of the estimators, given the sample size. This
is the reason to compare the variances of unbiased estimators or the MSE, if at least one
of the estimators is biased. Estimator 3 has the smallest variance, but it is not found to
be more efficient than estimator 1. The reason is that it has a bias that makes the MSE
higher in this case.
Finally, the first misconception concerning a consistent estimator is that it is
consistent if it is "unbiased and efficient". Estimator 3 was found to have a bias, but if
we study the MSE for different sample sizes, we see that it is decreasing with a larger
sample size. We also found that estimator 4 was unbiased, but its MSE was not
decreasing with larger sample size. Hence, a biased estimator can be consistent and an
unbiased estimator can be inconsistent. We can also see that estimator 2 is not efficient,
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but still it is consistent. What matters is that the variance and the bias decreases as the
sample size increases.

3. RESULTS
In order to check if the monte-carlo experiment has a positive effect, we use the test for
paired proportions proposed by McNemar(1947) and Liddell (1983) (see Liddel and
Armitage, Berry and Matthews (2002) for details).
Denote by n 00 the population frequency that answer an incorrect options before
and after, n11 the correct option before and after the monte-carlo experiment, n10 the
correct option before and an incorrect option after the monte-carlo experiment and n 01
an incorrect option before and the correct option after the monte-carlo experiment.
McNemar (1947) introduced a statistic that follows the chi-square distribution, with one
degree of freedom, that allows us to test the null hypotheses that the expected value
n 01 − n10 is zero (that is, the difference of the frequency of students that have [incorrect-

correct] and [correct-incorrect]). Additionally Liddell proposed a point estimator and a
confidence interval estimator of the relative risk R = n 01 / n10 and an F-type statistic to
test the null that R = 1 .
The statistics were calculated to evaluate the performance of the intervention and table 4
includes the results for questions 1, 2 and 3 for both pre- and post-test and pre- and
delayed post-tests.
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Table 4. Results for the complete group
Pre-and post-test
Question
1
2
3

n̂11

n̂ 00

n̂ 01

n̂10

McNemar
18.28***
0.02
8.82***

R̂

R̂ L

R̂U

FR =1

40
92
38
8
4.75
2.42
10.16 4.22***
71
57
25
25
1.00
0.60
1.66
0.96
33
95
36
14
2.50
1.44
4.50
2.33**
Pre-and delayed post-test
1
28
92
45
21
8.02***
2.14
1.35
3.46
2.05**
2
63
51
34
38
0.13
0.89
0.59
1.36
0.87
3
27
91
49
19
12.37***
2.58
1.61
4.23
2.45***
Notes: *** significant at 1% level. n̂ refers to the absolute sample frequency, the first subindex
is (0 = incorrect answer, 1 = correct answer) in the pre-test and the second subindex is used in
the same way, but for the post-test. R̂ , R̂ L and R̂U denote the point estimate of the relative
risk, lower and upper confidence interval proposed by Liddell and FR =1 is the Liddell test to test
the null R = 1 .

A meaningful cognitive conflict was obtained for both the concepts “bias” and
“consistency”, where a statistically significant difference is achieved. The result also
holds for the delayed post-test. Despite having a statistically significant statistic, a large
proportion of the students answered incorrectly both in the pre-test and the post-tests.
For many students a meaningful cognitive conflict was not achieved and it is important
to identify the characteristics that opposes, or favor a conceptual change.
For question 2, “efficiency”, no statistically significant change was found. The
McNemar statistic was calculated for all subgroups, but it was never statistically
significant. These results are not included in the paper. The conclusion is that the
cognitive conflict was poorly designed, irrespective of the students’ characteristics, for
this particular question.
Table 5 includes descriptive statistics for the quantitative variables for the students
that participated in the simulation study.
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Table 5. Descriptive statistics

Statistical knowledge test
CRT
Grade in mathematics
GPA

mean
0.88
0.87
4.96
6.57

std. dev.
0.81
0.96
2.59
1.31

Percentage scoring 0, 1, 2 or 3.
0
1
2
36.42%
41.62%
19.08%
45.09%
30.64%
16.18%

3
2.89%
8.09%

The average score on the prior statistical knowledge test was 0.87 with about 36%
failing all three questions. The average score on the Cognitive Reflection Test (CRT)
was 0.87, which seems reasonable, although fairly low compared to previous studies
using the test (Frederick, 2005, Hoppe, & Kusterer, 2011, Toplak, et al., 2011, BrañasGarza et. al., 2012). Students were allowed to use to use their own paper and pencil to
solve the questions, but these tools were not handed out to the students. It is possible
that the test-score could have been improved by providing these tools.
The qualitative variables captures valuations from (1=strongly agree to 5 = strongly
disagree)”. In the analysis these variables were used to create two groups depending of
the answers given. For example, the number of students that answered, 1, 2 or 3,
respective 4 or 5 to the statement “Simply knowing the answer, rather than
understanding the reasons for the answer to a problem, is fine with me.” can be found in
tables 6 and 7. These tables also include the McNemar statistic calculated for all
subgroups with different characteristics. In the case of tables 6 and 7 we did not report
the results about the Liddell tests in order to save space, as we obtain equivalent results
with both tests.
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Table 6. Evaluating exercise concerning “bias”, post-test and delayed post-test, for different samples.
Delayed
Delayed
Post-test Post-test
Post-test
Post-test
Sample based on variable;
McNemar McNemar McNemar McNemar Sample based on variable;
[Simply knowing the answer, rather
3.5*
0.41
10.24*** 7.61*** [Simply knowing the answer, rather
than understanding the reasons for (0.064)
(0.522)
(0.001)
(0.006) than understanding the reasons for
the answer to a problem, is fine with
[59]
[61]
[97]
[103]
the answer to a problem, is fine with
me.] 1, 2, 3
me.] 4, 5
[When I find it too difficult to
2.4
0.64
12.04*** 7.31*** [When I find it too difficult to
understand a problem I often try to (0.121)
(0.424)
(0.001)
(0.007) understand a problem I often try to
memorize its solution, instead of
[56]
[60]
[100]
[104]
memorize its solution, instead of
making the effort to understand it.]
making the effort to understand it.]
1, 2, 3
4, 5
[Simply passing a course (in 5.06**
1.53
10.23***
6.04**
[Simply passing a course (in
general), rather than understanding (0.024)
(0.216)
(0.001)
(0.014) general), rather than understanding
the content of the course, is fine
[69]
[74]
[86]
[89]
the content of the course, is fine with
with me.] 1, 2, 3
me.] 4, 5
[Simply passing this course in
1.78
0.17
12.96*** 8.76*** [Simply passing this course in
statistics, rather than understanding (0.181)
(0.677)
(0.000)
(0.003) statistics, rather than understanding
the content of the course, is fine
[59]
[63]
[97]
[101]
the content of the course, is fine with
with me.] 1, 2, 3
me. ] 4, 5
[Doing well on this course is
2.29
0.36
11.28*** 6.61*** [Doing well on this course is
important to me.] 3, 4, 5
(0.131)
(0.546)
(0.001)
(0.010) important to me.] 1, 2
[26]
[29]
[130]
[135]
[I will engage in good effort 4.17**
0.9
9.03***
4.69**
[I will engage in good effort
throughout this course.] 3, 4, 5
(0.041)
(0.343)
(0.003)
(0.030) throughout this course.] 1, 2
[26]
[29]
[128]
[133]
[I am curious about how I do on the 5.06**
7.26***
8.52***
1.09
[I am curious about how I do on the
evaluations of this course relative to (0.024)
(0.007)
(0.004)
(0.296) evaluations of this course relative to
others.] 3, 4, 5
[72]
[76]
[83]
[87]
others.] 1, 2,
[I am not concerned about the score
2.08
0.05
15.56*** 9.03*** [I am not concerned about the score
I receive on the assessments of this (0.149)
(0.82)
(0.001)
(0.003) I receive on the assessments of this
course.] 1, 2, 3
[41]
[45]
[114]
[118]
course.] 4, 5
[This is an important course to me.]
0.8
0.00
12.12*** 6.94*** [This is an important course to me.]
3, 4, 5
(0.371)
(1.00)
(0.000)
(0.008) 1, 2
[26]
[30]
[129]
[133]
Prior statistical knowledge test <= 1 6.76***
3.84**
9.09***
3.76*
Prior statistical knowledge test > 1
(0.009)
(0.050)
(0.003)
(0.052)
[125]
[131]
[35]
[37]
Grade in mathematics < 5
0.36
0.00 13.79***
5.03**
Grade in mathematics >= 5
(0.302)
(1.00)
(0.000)
(0.025)
[63]
[59]
[102]
[100]
GPA <=6.5
5.5**
3.22*
11.53*** 4.114** GPA > 6.5
(0.019)
(0.072)
(0.001)
(0.043)
[86]
[87]
[67]
[99]
CRT <= 1
9.63***
7.20***
5.56***
0.56
CRT > 1
(0.002)
(0.007)
(0.027)
(0.453)
[120]
[126]
[40]
[42]
Notes: All statistics are calculated using a pre-test result. ***, **, * indicate significant at 1%, 5% respective
10% level. Numbers in parenthesis are p-value and sample size.

3.1 “Bias”, pre-test and post-test
Table 6 includes the results for different subgroups concerning the first question, “bias”,
when the test was evaluated using pre-test and post-test and delayed post-test. The third
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and fourth column represents the sample that is expected to perform better. The first
four questions intend to capture a student’s values and attitudes towards learning, in
particular the willingness to understand. For the post-test, the McNemar statistic is
strongly significant for the groups that express a stronger willingness to understand. For
the groups that do not express the same willingness to understand, the statistic is not
statistically significant for two questions and statistically significant at the 5% level for
one question, and at the 10% level for another question. The questions that measure a
more general self-assessed motivation and interest also identify that the simulation
exercise is more suitable for the group with higher expected performance. The groups
with expected lower performance are, however, often quite small. A statistical
significant effect is found for the subgroups of different score on the prior test in
statistical knowledge, the Cognitive Reflection Test and the GPA score. For the group
that did not pass the mathematical course, the simulation exercise did not produce a
significant statistic, which indicates that the intervention was not effective for this
group.
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Table 7. Evaluating exercise concerning “consistency”, post-test and delayed post-test, for different samples.
Delayed
Delayed
Post-test Post-test
Post-test
Post-test
Sample based on variable;
McNemar McNemar McNemar McNemar Sample based on variable;
[Simply knowing the answer, rather
0.27
5.50**
6.76***
5.92**
[Simply knowing the answer, rather
than understanding the reasons for (0.606)
(0.019)
(0.009)
(0.015) than understanding the reasons for
the answer to a problem, is fine with
[59]
[61]
[97]
[103]
the answer to a problem, is fine with
me.] 1, 2, 3
me.] 4, 5
[When I find it too difficult to
0.75
4.00**
5.28**
7.31*** [When I find it too difficult to
understand a problem I often try to (0.386)
(0.046)
(0.022)
(0.007) understand a problem I often try to
memorize its solution, instead of
[56]
[60]
[100]
[104]
memorize its solution, instead of
making the effort to understand it.]
making the effort to understand it.]
1, 2, 3
4, 5
[Simply passing a course (in
3.04*
5.76**
2.04
4.69**
[Simply passing a course (in
general), rather than understanding (0.081)
(0.016)
(0.153)
(0.030) general), rather than understanding
the content of the course, is fine
[69]
[74]
[86]
[89]
the content of the course, is fine with
with me.] 1, 2, 3
me.] 4, 5
[Simply passing this course in
1.56
6.86***
4.32**
5.03**
[Simply passing this course in
statistics, rather than understanding (0.211)
(0.009)
(0.038)
(0.025) statistics, rather than understanding
the content of the course, is fine
[59]
[63]
[97]
[101]
the content of the course, is fine with
with me.] 1, 2, 3
me. ] 4, 5
[Doing well on this course is
3.20*
4.90**
3.69*
7.22*** [Doing well on this course is
important to me.] 3, 4, 5
(0.074)
(0.027)
(0.055)
(0.007) important to me.] 1, 2
[26]
[29]
[130]
[135]
[I will engage in good effort
3.20*
6.75***
3.69*
4.89**
[I will engage in good effort
throughout this course.] 3, 4, 5
(0.074)
(0.009)
(0.055)
(0.027) throughout this course.] 1, 2
[26]
[29]
[128]
[133]
[I am curious about how I do on the
5.5**
7.04***
1.14
4.69**
[I am curious about how I do on the
evaluations of this course relative to (0.019)
(0.008)
(0.286)
(0.030) evaluations of this course relative to
others.] 3, 4, 5
[72]
[76]
[83]
[87]
others.] 1, 2,
[I am not concerned about the score 5.79**
3.77*
1.241
6.80*** [I am not concerned about the score
I receive on the assessments of this (0.016)
(0.052)
(0.265)
(0.009) I receive on the assessments of this
course.] 1, 2, 3
[41]
[45]
[114]
[118]
course.] 4, 5
[This is an important course to me.]
2.25
3.125*
3.69*
7.84*** [This is an important course to me.]
3, 4, 5
(0.134)
(0.077)
(0.055)
(0.005) 1, 2
[26]
[30]
[129]
[133]
Prior statistical knowledge test <= 1
4.36**
10.29***
1.23
2.12
Prior statistical knowledge test > 1
(0.037)
(0.001)
(0.267)
(0.146)
[125]
[131]
[35]
[37]
Grade in mathematics < 5
1.56
1.25
6.26** 11.025*** Grade in mathematics >= 5
(0.211)
(0.264)
(0.012)
(0.001)
[63]
[59]
[102]
[100]
GPA <=6.5
4.65**
11.17***
0.94
2.53
GPA > 6.5
(0.031)
(0.001)
(0.332)
(0.112)
[86]
[87]
[67]
[76]
CRT <= 1
1.63
13.02***
5.06**
0.56
CRT > 1
(0.201)
(0.000)
(0.024)
(0.453)
[120]
[126]
[40]
[42]
Notes: All statistics are calculated using a pre-test result. ***, **, * indicate significant at 1%, 5% respective
10% level. Numbers in parenthesis are p-value and sample size.

3.2 “Bias”, pre-test and delayed post-test
The student’s values and attitudes towards learning are found to be important also for
the delayed post-test. The group that expressed a stronger willingness to understand had
a significant statistic, while no such effect was found for the group that disagreed or
were neutral. The results for the questions expressing self-assessed motivation and
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interest are mixed. Interestingly, for the group with low score (0 or 1) on the CRT the
simulations had a statistically significant statistic, but no such effect was found for the
group with a score of 2 or 3. Having a passing grade in mathematics was again found to
be important to achieve a meaningful cognitive conflict.

3.3 “Consistency”, pre-test and post-test
The results concerning “consistency” can be found in table 7. The measures of a
student’s values and attitudes towards learning are again found to be important to obtain
a meaningful cognitive conflict in the post-test. In fact, the difference is now even
stronger. The questions used to capture self-assessed motivation and interest work
poorly to identify for which group the intervention is more suitable. In fact, the results
have a tendency to indicate a better performance for the group that is expected to
perform worse. For example, the statistic is statistically significant for the group not
being curious, or neutral, about the evaluation compared to other students, but no such
effect is found for the group that answered 1 or 2 (1=strongly agree). The simulations
were only effective for those with a score of 2 or 3 on the CRT, while it was not
statistically significant for the group that had scores of 0 or 1. It seems that the cognitive
skill to be able to override an intuitive incorrect answer is important for an instant effect
of the simulation study. Having a passing grade in mathematics is also important for
obtaining a meaningful cognitive conflict.

3.4 “Consistency”, pre-test and delayed post-test
Having approved the course in mathematics is found to be an important
characteristic to obtain a meaningful cognitive conflict in the delayed post-test. An
interesting result is that the student’s values and attitudes towards learning cannot
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distinguish between in which group a meaningful cognitive conflict is obtained. The
statistic is now statistically significant for both groups. Another interesting result is that
the group with lower score on the CRT had a statistically significant statistic, but no
such effect is found for the group with 2 or 3 on the CRT.

4. CONCLUSIONS
The first impression of the results of the delayed post-test for the concept
“consistency” might seem unexpected. For the group that was less willing to
understand, and in the post-test during the session did not had a statistically significant
statistic, is found to have so in the delayed post-test. A plausible explanation is that the
students simply have opted for their way of learning, i.e. they have had the time to
“learn the answer” or “memorize the solution”. A correct answer does not necessarily
mean that a student has understood the reason for it. A question is of course, why this
result did not occur for the concept “bias”. It is possible that the students were unaware
of their misconception, despite the intervention, in that case, but in the second case, the
simulation exercise forced the students to look for the correct answer (to memorize). A
recommendation for future studies is to use alternative formulations in an attempt to
measure understanding of the concept.
In the pre-test and post-test evaluation for both “bias” and “consistency” the statistic
is statistically significant for high CRT, but once we study the pre-test and delayed posttest, the simulation exercise has lost the effect. A possible interpretation is that a high
cognitive reflection skill improves the instant effect of the simulation, as the cognitive
conflict could be solved. The effect could, however, be superficial, and eventually
disappear, because students felt that they solved the exercise, and hence did not feel that
they had to review it before the final exam, i.e. the delayed post-test. It seems that the
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cognitive conflict only was partial as the misconceptions came back. For the group with
low CRT, the delayed post-test shows a significant effect. Maybe they had difficulties to
solve the cognitive conflict and opted for reviewing the exercise before the delayed
post-test. These results underline the importance of analyzing a delayed post-test and
doing so at the time of a final exam is reasonable.
Having approved the course in mathematics is found to be an important
characteristic to obtain a meaningful cognitive conflict in both instant and delayed posttest. It should be clarified that the exercise in itself does not require mathematical
calculations. Simply comparing the values is enough. The grade in math could,
however, capture abstract skills that could be useful for the exercise. Another possibility
is that it is not this particular skill that matters, simply that the students think that they
will be more able, and hence, it is more a motivational trigger that is functioning.
Gottfried (1990) found, for example, that early achievement was correlated with later
motivation. The prior statistical knowledge test did not provide such clear effect. The
correct answers on these questions were never revealed to the students and it is unlikely
that this measure would affect the motivation.
It is important to remember that attitudes and values towards learning, motivation and
interests, are variables that are possible to change to improve the efficiency of
simulation assisted learning methods. Methods to affect these variables are, however,
beyond the scope of this study.
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APPENDIX A

A.1 Prior statistical knowledge test
Base rate fallacy
1. In a city with 100 criminals and 100,000 innocent citizens there is a surveillance
camera with an automatic face recognition software. If the camera sees a known
criminal, it will trigger the alarm with a 99% probability; if the camera sees an innocent
citizen, it will trigger the alarm with a probability of 1%. What is the probability that
indeed a criminal was filmed when the alarm is triggered?
Sample size
2. A game of squash can be played to either 9 or 15 points. Holding all other rules of the
game constant, if A is a better player than B, which scoring scheme would give player
A a better chance of winning? (.) 9 points, (.) equal, (.) 15 points.
Covariation detection
3. A doctor had been working on a cure for a mysterious disease. Finally, he created a
drug that he thinks will cure people of the disease. Before he can begin to use it
regularly, he has to test the drug. He selected 300 people who had the disease and gave
them the drug to see what happened; 200 were cured and 100 were not. He selected 100
people who had the disease and did not give them the drug in order to see what
happened; 75 were cured and 25 were not.
Was the treatment positively, neutral, or negatively associated with the cure for this
disease? ( ) positively, ( ) neutrally, ( ) negatively.

Correct answers; 1) ≈ 0.09008 , which rounded about to 0.09 was also marked as
correct, 2) 15 points and 3) negatively.
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A.2 Cognitive Reflection Test (CRT)

Below are several problems that vary in difficulty. Try to answer as many as you can.

1. A bat and a ball cost $1.10 in total. The bat costs $1 more than the ball. How much
does the ball cost? …..cents.

2. If it takes five machines five minutes to make five widgets, how long does it take 100
machines to make 100 widgets? ….. minutes.

3. In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it takes
48 days for the patch to cover the entire lake, how long would it take for the patch to
cover half of the lake? ….. days.

Correct answers; 1) 5 cents, 2) 5 minutes and 3) 47 days.

21

APPENDIX B

B.1 Questionnaire that students filled in during the simulation exercise.
How do we use simulations to detect if an estimator is unbiased?
In the simulations we have specified that the mean (the parameter of interest) of the population is 5.
We look at the average of the estimates obtained in each replicate. A bias implies that the estimator
systematically over-estimated or under-estimated the result. An unbiased estimator does NOT mean
that we will always have a point estimate equal to the population parameter. We can have unbiased
estimators in which the point estimates may be far from the population parameter. The important thing
is to identify whether the error is systematic or not.
1. Is estimator 1 unbiased? ( ) Yes, ( ) No
2. Is estimator 2 unbiased? ( ) Yes, ( ) No
3. Is estimator 3 unbiased? ( ) Yes, ( ) No
4. Is estimator 4 unbiased? ( ) Yes, ( ) No
How do we use simulations to detect if an estimator is more efficient than another estimator?
To determine whether an estimator is more efficient than another it is necessary to compare the mean
square error of the estimators. Just to compare the variance is not sufficient if one of the estimators is
biased. A biased estimator, but with a very small variance can be more precise than an unbiased
estimator with large variance.
5. Which estimator has the smallest variance? 3
6. Which is the most efficient estimator? 1
How do we use simulations to detect if an estimator is consistent?
To identify whether an estimator is consistent we look if the mean square error (MSE) decreases with
increasing sample size. If the mean square error decreases this implies that its variance and possible
bias decrease when the sample size increases. This indicates that the MSE tends to zero as the sample
size goes to infinity, i.e., the estimator would eventually coincide with the parameter value.
7. Is estimator 1 consistent? ( ) Yes, ( ) No
8. Is estimator 2 consistent? ( ) Yes, ( ) No
9. Is estimator 3 consistent? ( ) Yes, ( ) No
10. Is estimator 4 consistent? ( ) Yes, ( ) No
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