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Abstract: Many university students have difficulties when facing statistics related tasks, leading to
an increase in their levels of anxiety and poor performance. Researchers have identified negative atti-
tudes towards statistics, which have been shaped through students’ secondary education experience,
as a major driver for their failure. In this study we want to uncover the causal recipes of attitudes
leading to high and low levels of anxiety in secondary education students, and the role that the
learning approach plays in these relationships. We used fuzzy sets comparative qualitative analysis
(fsQCA) in a sample of 325 students surveyed on the multifactorial scale of attitudes toward statistics
(MSATS) and the revised two factor study process questionnaire (R-SPQ-2F). The results indicate
that, respectively, a high or a low level of self-confidence is the most important and a sufficient
condition by itself for achieving a low or a high level of anxiety, while the learning approaches and
other attitudes are only present in other causal combinations that represent a small number of cases.

Keywords: statistics; attitudes; anxiety; deep learning; surface learning; fsQCA

1. Introduction

Educators in higher education courses in the statistics area are concerned about their
students’ learning. The search for effective learning and better performance has driven
many studies in the past [1,2]. Research has found that attitudes are a crucial aspect
in achieving both goals [3]. In fact, they are closely related to the assimilation and the
capability to use content, and, therefore, to performance [4]. Good attitudes create a
positive [5] and motivational [4] learning environment, while negative attitudes act as the
major barrier to effective learning [6].

Attitudes are reactions to a situation and are made to manifest through emotions,
conceptions or behavioral patterns [7,8]. These emotional responses, either positive or
negative, are developed and automatized over time [3] and are composed of non-observable
distinctive dimensions [7,8]. Researchers have identified and measured various attitudes
towards statistics [5,9–13], including self-confidence [14] in the intellectual knowledge and
skills for the subject, belief in the usefulness [14] of the subject in the future and expectations
about their performance in the subject [15] or its difficulty.

Attitudes have been also highlighted as influencers of students’ learning [16] and
performance [14,15,17,18] in statistics, and therefore need a lot of attention. Among the
different attitudes towards statistics, anxiety has been uncovered as an important driver
of poor academic performance in statistics [3,8,19–26]. Anxiety manifests itself as an
emotion of apprehension, nervousness or concern when facing a situation [27,28]. The
negative connotations of anxiety on performance have been widely studied in relation
to statistics. The results of the significance of this relationship found in previous studies
are contradictory [22]. These contradictory results seem to be affected by the different
variables considered in the studies, by how the relationships between these variables are
conceived [8,29] (i.e., as direct or mediated relationships) and by the context of the study.
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However, it is generally accepted that negative attitudes increase the level of anxiety and
produce lower achievement [30].

The level of students’ anxiety increases with low values of self-perception and self-
confidence [27], which are considered a big threat to their performance [31]. Self-perception
and self-confidence are developed through past knowledge [6] and experience [22] in an
area, and determine the student’s expectations [12]. The expectations and the value given
by a student to a task affect his or her motivation [12], which has also been linked to
students’ performance [9,32]. Consequently, attitudes, anxiety and performance are highly
interrelated and have regularly been related to the student’s previous training in statistics
or mathematics.

Although some authors have considered other characteristics of the students in their
research, such as age [19,27,33] or gender [33–35], the results have been inconclusive.
Furthermore, student learning is context-dependent [36]. For this reason, some authors
have also considered in their studies, such as the teaching methodology [16,37–41] or the
learning approach [40,42,43]. As regards the teaching methods, there has been a move
towards methodologies in which students play a central role. There has been a switch to
a more inductive way of learning, through “hands-on”, experiential activities [44–48] or
other alternative methods [49], in a search for a change mainly in students’ motivation and
enjoyment and, with activities close to real-life situations, an increase in the perceived use-
fulness, ultimately improving beliefs and the understanding of statistics [44–50], reducing
anxiety and improving performance [37,38,51]. With regard to students’ strategies, stu-
dents are typically classified as surface or deep learners. Surface learners tend to focus on
the important points and on reproducing them, while deep learners go further, exploring,
understanding, engaging and thinking critically. The learning approach is affected by many
factors, including teaching and assessment methods, the perception of the task demands,
and students’ motivations and values. The approach to a particular task also depends on
the activities proposed (teaching context) and the students’ perceptions and characteristics.
Students’ approaches to learning have also been treated as a matter of interest in the area
of this study. Mondéjar et al. [40] reported higher levels of anxiety in surface versus deep
learners, while Walsh and Ugumba-Agwunobi [52] found these higher levels in students
with higher expectations. On the contrary, Daley and Onwuegbuzie [43] found lower levels
of anxiety when students had a higher degree of mathematical and logical thinking.

Statistics and statistical related concepts are present in the syllabus of many under-
graduate courses [16]. Improving students’ performance and attitudes towards statistics is
not an easy task. In addition to the specific didactic problems caused by the heterogeneity
in students’ mathematical backgrounds [53], educators have to deal with students’ atti-
tudes towards the subject, which have been configured over time based on their previous
experiences with statistics and mathematics in secondary education.

Despite the numerous studies about the attitudes towards statistics, the complex
relationships between these attitudes suggest that more research needs to be conducted [54].
There is a need, first, to avoid the methodological issues that arise from the actual studies
based on regression models arise (i.e., dealing with asymmetrical relationships between
variables or the interpretation of multiple variables interactions), and, second, to include
the learning approach, which is not considered in depth in these studies, especially in
secondary education. A better knowledge of the relationships between attitudes towards
statistics in secondary education, their interactions between these attitudes, and their
relationship to the students’ learning strategies can help to provide an understanding of
the problem and to allow teaching and learning activities to be planned in a way that is
directed towards the creation of positive attitudes [55–57], a reduction in anxiety levels and
an improvement in academic performance.

Previous closely related studies found in a limited sample some attitudes to be relevant
in the causal combinations that lead to positive and negative levels of anxiety [29]. This
study includes a broader sample and explores the role of the learning strategy in the
relationship between students’ attitudes towards statistics and students’ anxiety. As
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indicated by Biggs et al. [58], in an ideal system we would expect students to have a
deep approach to learning, which involves them engaging in the highest levels of learning.
Anxiety is an emotion of concern when faced with a situation, whereas a deep or surface
strategy reveals the way the student engages with the situation. We then expect that the way
in which a student faces a situation to have a significant impact on their emotional state of
concern, and therefore that learning strategy should be present in the causal combinations
leading to low or high levels of anxiety.

The paper is organized as follows: Section 2 conducts a review of the measure in-
struments and fuzzy sets comparative qualitative analysis (fsQCA) methodology and an
explanation of the sample used in the study; Section 3 presents the results and their analysis;
and finally, in Section 4, we discuss the results and we summarize the conclusions and
future research.

2. Materials and Methods

In this study we evaluated the role of the students’ approaches to learning on their
anxiety towards statistics in secondary education. Statistics is included in mathematics
courses from the 7th grade in the Spanish educational system. As in the first courses its
presence is residual, we focused on those students who had minimum exposure that had
allowed them to develop attitudes towards statistics. We surveyed students undertaking
the three courses taken prior to the first year at the university that have mathematics as a
mandatory subject. Our study comprises 10th graders (last year in compulsory secondary
education) and 11th and 12th graders students (Baccalaureate courses) on science and
social sciences courses from three different secondary schools (47.4%, 23.7% and 28.9% of
the sample, respectively). These schools are located in three different suburban areas very
close to Valencia in Spain. The questionnaires were passed by each math teacher in between
October and December 2020 in their regular class sessions to assure a high response rate.
After disregarding a few cases, we ended up with a sample of 325 students, 180 responses
were from 10th graders (55.38%), 110 from 11th graders (33.85%) and the remaining 35
(10.77%) from 12th graders. Of the respondents 50.2% were male and 55.52% classified
themselves as science students versus a 44.48% that did it as letters students. Students in
the survey reported an average grade in mathematics of 6.86 over 10 (Std. Dev. = 1.57) and
an overall average grade of 7.19 over 10 (Std. Dev. = 1.18).

In previous studies, researchers have evaluated anxiety together with other attitudes
towards statistics. Among the usual instruments used to measure these attitudes we could
find the statistics attitude survey (SAS) [10], the attitudes toward statistics scale (ATS) [11]
and the survey of attitudes toward statistics scale (SATS) [12]. In Spain, some authors have
developed similar scales based on these surveys, such those by Auzmendi [9], Estrada [5]
and Bayot-Mestre et al. [13]. Although there are some differences in the names of the
dimensions and the items used to measure these dimensions, most authors agree on three
basic dimensions [9,34]; a dimension related to the feelings created by statistics (affective),
a dimension related to the thoughts, conceptions and beliefs linked to statistics (cognitive)
and a dimension linked to the behavior, either actional or intentional, in relation to the
statistics (behavioral).

We decided to use Auzmendi’s multifactorial scale of attitudes toward statistics
(MSATS) [9] because it was originally developed in Spanish and it is the most extensively
used [59] and validated [9,59] in this language. The questionnaire (see Appendix A) evalu-
ates five dimensions of attitudes towards statistics: self-confidence, usefulness, motivation,
enjoyment and anxiety. They represent, respectively, the confidence that the student has
when dealing with statistics, the value that knowledge of statistics represents for the stu-
dent, the student’s driving force towards the study of statistics, the satisfaction and fun felt
when performing statistical work and the concern or stress exhibited by the student when
dealing with statistics. The five dimensions are measured with 5-point Likert scales, with
25 items and they are valued from 1 (“strongly disagree”) to 5 (“strongly agree”). As a result
of the meaning direction of the questions related to anxiety and motivation, we reverse
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coded the item values related to these two dimensions to display positive attitudes as the
number increases. Accordingly, high values represent high motivation or low anxiety.

Additionally, to evaluate the students’ learning strategy, we used Biggs et al.’s [58] re-
vised two factor study process questionnaire (R-SPQ-2F). The R-SPQ-2F comprises 20 ques-
tions (see Appendix A) and also uses a 5-point Likert scale ranging from 5 (“always true of
me”) to 1 (“only rarely true of me”). The survey additive scale results in two scores, one for
deep and another for surface learning. We considered both learning approaches as causal
conditions of the desired outcome in our analysis. A higher score means a higher approach
to deep or surface learning, respectively.

Figure 1 shows the responses distribution for both parts of the questionnaire.
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We tested the validity of the measure performing a reliability analysis through Cron-
bach’s Alpha [60]. Figure 2 shows the distribution of the aggregated scales for the 5 dimen-
sions of attitudes towards statistics included in MSATS questionnaire and the two learning
approaches in R-SPQ-2F and Cronbach’s alpha is reported next to the dimension label.

For the analysis we used fuzzy sets qualitative comparative analysis fsQCA. We
think this approach is appropriate because it seeks for causal combinations of conditions
that can lead to the desired outcome [61] and it overcomes some of the problems with
regression-based techniques when looking for complex relationships between variables in
the model. Furthermore, fsQCA has been widely applied with survey data and samples
with a medium/large number of observations in the social sciences [62].

Regression based models are good at evaluating the net impact of one or more inde-
pendent variables on a dependent variable. The effect and significance of an independent
variable varies depending on the other independent variables present in the study [63],
in a way, competing to explain more variance than the other independent variables. In
fsQCA, the conditions collaborate to obtain the desired outcome [64]. These combinations
of causal conditions are sometimes complex and involve several conditions (interactions),
which additionally can act in different ways according to the context (asymmetry) [65].
In a regression-based model, context interactions are difficult to interpret and to evaluate
separately from the net effects of the other independent variables and interactions, with
this difficulty increasing as the number of independent variables involved increases [66].
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Additionally, the assumption of symmetric relationships between the dependent and
independent variables can hide configurations of conditions that have an effect on the
desired outcome [67]. FsQCA handles these limitations of a regression-based model [68]
by studying all the different paths or combinations of causal conditions that can lead to the
desired outcome.

Behav. Sci. 2021, 11, 32 5 of 14 
 

 

Figure 2. Distribution of students’ dimensions. MSATS: UT = Usefulness (α = 0.81), ANX = Anxiety 
(reverse coded, α = 0.76); CON = Self-confidence (α = 0.725), ENJ = Enjoyment (α = 0.748); MOT = 
Motivation (reverse coded, (α = 0.702) and R-SPQ-2F: D = Deep approach (α = 0.715), S = Surface 
approach (α = 0.723). 

For the analysis we used fuzzy sets qualitative comparative analysis fsQCA. We 
think this approach is appropriate because it seeks for causal combinations of conditions 
that can lead to the desired outcome [61] and it overcomes some of the problems with 
regression-based techniques when looking for complex relationships between variables 
in the model. Furthermore, fsQCA has been widely applied with survey data and samples 
with a medium/large number of observations in the social sciences [62]. 

Regression based models are good at evaluating the net impact of one or more inde-
pendent variables on a dependent variable. The effect and significance of an independent 
variable varies depending on the other independent variables present in the study [63], in 
a way, competing to explain more variance than the other independent variables. In 
fsQCA, the conditions collaborate to obtain the desired outcome [64]. These combinations 
of causal conditions are sometimes complex and involve several conditions (interactions), 
which additionally can act in different ways according to the context (asymmetry) [65]. In 
a regression-based model, context interactions are difficult to interpret and to evaluate 
separately from the net effects of the other independent variables and interactions, with 
this difficulty increasing as the number of independent variables involved increases [66]. 
Additionally, the assumption of symmetric relationships between the dependent and in-
dependent variables can hide configurations of conditions that have an effect on the de-
sired outcome [67]. FsQCA handles these limitations of a regression-based model [68] by 
studying all the different paths or combinations of causal conditions that can lead to the 
desired outcome. 

The fsQCA methodology starts by calibrating the measures (see Figure 3). The cali-
bration is the transformation of the initial scales into fuzzy sets. Fuzzy sets values indicate 
the membership of a certain individual in a set, and range from 0 for full non-membership 
to 1 for full membership. Among the different calibration methods, we selected the most 
common one, the direct method proposed by Ragin [69]. This method consists, first, of the 
selection of three anchor points: full membership, full non-membership and a cross-over 
point. The original scores are then converted into fuzzy scores by calculating the degree 

Figure 2. Distribution of students’ dimensions. MSATS: UT = Usefulness (α = 0.81), ANX = Anx-
iety (reverse coded, α = 0.76); CON = Self-confidence (α = 0.725), ENJ = Enjoyment (α = 0.748);
MOT = Motivation (reverse coded, (α = 0.702) and R-SPQ-2F: D = Deep approach (α = 0.715),
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The fsQCA methodology starts by calibrating the measures (see Figure 3). The calibra-
tion is the transformation of the initial scales into fuzzy sets. Fuzzy sets values indicate
the membership of a certain individual in a set, and range from 0 for full non-membership
to 1 for full membership. Among the different calibration methods, we selected the most
common one, the direct method proposed by Ragin [69]. This method consists, first, of the
selection of three anchor points: full membership, full non-membership and a cross-over
point. The original scores are then converted into fuzzy scores by calculating the degree of
membership (see 1) as in Ordanini et al. [70], and considering a full membership to corre-
spond to a membership score of 0.95, the cross-over point to 0.5 and full non-membership
to 0.05. The results, ranging from 0 to 1, are new calibrated values representing the extent
to which an individual belongs to a specific set.

In our case, as Auzmendi’s [9] instrument and R-SPQ-2F are based on additive scales.
Then, we used the average of the suggested items in each of the five dimensions evaluated
in Auzmendi’s survey [9] and the ten items for each of the two learning approaches in
R-SPQ-2F, to obtain the input values for the calibration process [70–72]. Then, taking into
account the fact that we were dealing with a relatively large number of cases, we selected
the three threshold points following [68,73,74]. These authors suggest using percentiles to
determine the anchor points, allowing one to deal with the distinctive distributions that can
be found in the data for each of the dimensions under analysis (see Figure 2). We set full
membership in the 90% percentile, full non-membership in the 10% percentile and the cross
over point in the 50% percentile. Then, we centered the original scores on the cross over
point, we transformed them to odds ratios and we calculated the degree of membership
using Equation (1) to obtain the desired fuzzy membership score between 0 and 1.
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degree of membership = exp(log odds)/(1 + exp(log odds)) (1)

Once we had completed the calibration using the fsQCA 3.0 [75,76] software, we
produced the truth table (see Figure 3). The truth table includes all the possible combi-
nations of conditions for a desired outcome. It is formed of 2k rows, where k represents
the number of conditions in the study that are involved in causing the outcome. In our
case, we had four attitudes from the MSATS questionnaire plus two learning approaches
from R-SPQ-2F. Therefore, we had 64 possible configurations or combinations of conditions
that can lead to the desired outcome. Based on the relatively large number of cases in the
sample and their distribution in the truth table, and following Ragin [77], we selected those
combinations of conditions with a minimum frequency of 5, and a consistency level of
at least 0.8. Thus, only combinations of conditions with at least five observations and a
proportion of cases consistent with the desired outcome of 80% or higher were considered
for the minimization process (see Figure 3). The logical minimization can be approached
in various ways, depending on how logical remainders are handled. Logical remainders
are configurations with no cases in the sample data [69,77,78]. Three possible solutions
result from the way logical remainders are handled (see Figure 3): the complex, the parsi-
monious or the intermediate solutions, which, respectively, consider no remainders, all the
remainders or just those that are reasonable in the relationship between the conditions and
the outcome. In our study, we analyzed the intermediate solution, which has been widely
reported [68] as being superior to the others.

3. Results

Table 1 summarizes the results of the logical minimization for the intermediate solution
that causes the desired outcome. As all the measures were coded positively regarding
their effect, we represent, for example, low levels of anxiety towards statistics as ANX
and high levels as ~ANX. A ~ sign before a measure therefore indicates the absence (low
values) or the opposite of the causal condition or the desired outcome. In Table 1, each row
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represents a different condition or combination of conditions (configurations), a different
path, to the desired outcome. For example, for the model leading to low levels of anxiety
(ANX), the first configuration that is considered to be a consistent subset of and sufficient
for obtaining lower levels of anxiety is a high level of self-confidence (CON). In other
words, self-confidence is a sufficient condition for low levels of anxiety towards statistics.
Similarly, the second, third and fourth paths to low levels of anxiety are a combination of
high levels of motivation (MOT) and the absence a strongly surface learning approach (~S),
combined with any one of a low value for a deep learning approach (~D), utility (~UT) or
enjoyment (~ENJ).

Table 1. Configurations for achieving low levels of anxiety (ANX) and high levels of anxiety (~ANX).

Model: ANX = f(Usefulness = UT, Self-confidence = CON, Enjoyment = ENJ, Motivation = MOT, Deep approach = D, Surface approach = S)
Algorithm: Quine-McCluskey
Frequency cutoff: 5
Consistency cutoff: 0.816

Raw coverage Unique coverage Consistency
Conf.1: CON 0.774 0.459 0.769
Conf.2: MOT • ~S • ~D 0.308 0.009 0.742
Conf.3: MOT • ~S • ~ENJ 0.285 0.002 0.795
Conf.4: MOT • ~S • ~UT 0.301 0.001 0.703
Model: ANX = CON + (MOT • ~S • ~D) + (MOT • ~S • ~ENJ) + (MOT • ~S • ~UT)
Solution coverage: 0.838
Solution consistency: 0.725

Model: ~ANX = f(UT, CON, ENJ, MOT, D, S)
Algorithm: Quine-McCluskey
Frequency cutoff: 5
Consistency cutoff: 0.825

Raw coverage Unique coverage Consistency
Conf. 5: ~CON 0.788 0.596 0.792
Conf. 6: ~UT • ~ENJ • ~MOT • ~D • ~S 0.204 0.011 0.833
Model: ~ANX = ~CON + (~UT • ~ENJ • ~MOT • ~D • ~S)
Solution coverage: 0.799
Solution consistency: 0.779

Note: Three common operations on fuzzy sets are set negation (logical NOT “~”), set intersection (logical AND “+”) and set union (logical OR “•”).

In fsQCA we should consider other aspects, such as coverage and consistency, for the
analyses. Coverage is equivalent to the explained variance in regression-based models [79],
where raw coverage evaluates the proportion of the desired outcome that is explained by
that configuration, and unique coverage the proportion that is explained solely by that
configuration. Thus, it is a measure of the importance of the configuration in delivering
the desired outcome. In our case, the first solution (CON) clearly emerges as the most
important, covering 77.4% of the cases with low levels of anxiety, while overall the model
explains 83.8% of the cases. In other words, the model captures 83.8% of the students
showing low values of anxiety and 77.4% of students with these low values of anxiety
showed low levels of self-confidence.

Additionally, we can consider the solution’s consistency. Consistency is equivalent to
statistical significance in a regression model [78]. Taking into account the fact that Ragin [68]
suggested a cut-off of 0.75 for sufficient consistency, we can say that configurations 2 (MOT
• ~S • ~D) and 4 (MOT • ~S • ~UT) are not consistent enough to assume that they are
sufficient for achieving low levels of anxiety.

In relation to the objective of the research, we can also evaluate the impact of the
learning approach in the reduction of the anxiety. We can see that low levels of anxiety
are, in most cases, independent of the learning approach, except in a small number of
cases relative to the configuration 3. Indeed, only 28.5% of the cases showing low levels
of anxiety also showed low values of a surface approach to learning in combination with
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a high motivation and low levels of enjoyment and, an insignificant proportion were
uniquely represented by this configuration.

Regarding high levels of anxiety (~ANX), the results also reveal that self-confidence is
a major driver. The absence of self-confidence (~CON) is, by itself, a sufficient condition for
high levels of anxiety towards statistics. This path explains 78.8% of the cases of students
showing low levels of anxiety. In other words, almost 79% of the students showing
high levels of anxiety also showed absence or low levels of self-confidence. Additionally,
students showing a combination of negative attitudes towards statistics, such as, low
motivation, low enjoyment and low perceived usefulness, in combination with a low deep
and a low surface approach (~UT • ~ENJ • ~MOT • ~D • ~S), also showed consistently
(83.3% of the cases) high levels of anxiety. However, this configuration, once again, is
rather residual if we look at the solution’s unique and raw coverage; it is only present in
20.4 percent of the cases with high anxiety.

Finally, we performed a necessity analysis. Necessary conditions are conditions that
are present in all of the configurations that lead to the outcome. We can consider a condition
as necessary if the consistency is 0.9 or higher [77]. Despite the importance of the presence
or absence of self-confidence, the necessity analysis discloses that no condition is necessary
for reaching, respectively, low or high levels of anxiety.

These results are in line with the results in [29] that highlight the core role of self-
confidence in the achievement of lower levels of anxiety.

4. Discussion and Conclusions

Educators managing activities in undergraduate courses that involve statistical con-
cepts often see their students struggling and performing poorly in the related tasks. The
cause of this situation has been a matter of extensive research. Many studies have fo-
cused on evaluating the attitudes of undergraduate students towards statistics, and have
found that these are certainly and heavily affected by the students’ previous training and
experiences in the area [8]. These experiences have built the students’ self-beliefs about
statistics and have conditioned their approach to the related activities. In other words, a
student’s statistical background allows them to evaluate how well they can perform the
task, defining their expectations. Negative experiences in the area are then perceived by
students as a threat to their successful performance of a statistical task [6,22,80] affecting
their learning approach, their attitude and their performance.

In this context, the courses that represent the students’ experiences prior to their
undergraduate courses are crucial, first, to provide an understanding of the attitude
or combination of attitudes that leads to low and high levels of anxiety, and second,
to allow interventions and the introduction of corrective measures in the early stages
of students’ contact with statistics, with the aim of improving the situation. However,
the level of anxiety has also been related to how students learn, which is influenced
by their perception of the learning environment, their personal characteristics and their
motivation [36]. Thus, the purpose of this work was to study the interrelation between
anxiety, attitudes and the learning strategy. More precisely, we looked for combinations
of attitudes and learning approaches that result in high or low levels of anxiety. Our
results revealed that self-confidence was the major aspect driving anxiety. High levels of
self-confidence led to low levels of anxiety and vice versa. Looking for a chain of events, a
negative previous experience predisposes a student to have a negative attitude towards
the activity. Negative experiences decrease students’ self-confidence, resulting in lower
expectations [12]. Students calculate the value of a task on the basis of three aspects:
its importance for the course, their expected enjoyment and its utility [12]. A reduction
of their expectations and their perception of the value of the task also decreases their
motivation [12]. All these negative feelings provoke an increase in the emotions of fear
and apprehension towards statistics, which is anxiety, and, eventually, raises barriers to
effective learning [6] and successful performance [3,8].
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The results of our study are useful to uncover the key role of self-confidence in creating
appropriate feelings towards statistics, and therefore, to lead class activities to increase
it. As self-confidence is built on students’ previous experiences, we might want to design
activities in the first courses that aim to increase students’ self-confidence in dealing with
statistics. We might want students to learn at their own speed and level, to understand the
fundamentals better and use a more inductive approach, and to seek motivation through
activities that can be easily identified with their interests. In this line, we suggest having
activities at different levels to fit students’ progression in the subject, using a variety of
active methodologies and “hands on” activities, and framing the activities in a context that
matters to the student (for example, statistics applied to a sport or the pandemic).

The limitations of our study are related to its scope. We focused on a group of three
secondary schools in a specific region. In Spain, the education system is controlled by the
regional government, and the contents and concepts related to statistics can vary from one
region to another or from a region to other countries. By contrast, a study in three different
suburban towns in the same region ensures a homogeneous group of students, in terms
of their previous background in the area. Another limitation of the study is related to the
numerous external and internal aspects that can affect student behavior. For example, the
teacher’s capability, the class environment, the student’s own capabilities, and the teaching
methodology are factors that we did not consider but that can have a moderating or direct
impact on the relationships in this study. Finally, we carried out the study at a single time
point, what prevents us from evaluating the evolution of these variables over time.

Future research might consider extending the analysis to university undergraduate
and master students from similar backgrounds to the students in the study, to evaluate the
evolution and the relative impact of the anxiety drivers and their performance levels in
statistics. We also might consider introducing potential moderating variables that intervene
in this relation such as the prevailing teaching methodology or the student perception of
their math teacher.
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Appendix A

The survey comprised the following questions
Age: Gender: M/F Grade: 10th 11th 12th
Average in mathematics: Overall average grade:

Part 1 (MSATS)

1. I consider statistics as a very necessary subject in my studies.
2. I’m pretty bad at statistics.
3. Studying or working with statistics doesn’t scare me at all.
4. Using statistics is fun.
5. Statistics is too theoretical for me to be of any use.
6. I want to have a deeper understanding of Statistics.
7. Statistics is one of the subjects that I fear the most.
8. I have confidence in myself when I face a statistical problem.
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9. I enjoy talking to others about statistics.
10. Statistics can be useful for those who decide to pursue a science career, but not for

other students.
11. Having a good knowledge of statistics will increase my job possibilities.
12. When I face a statistical problem I feel unable to think clearly.
13. I am calm when I face a problem of statistics.
14. Statistics is nice and challenging for me.
15. I hope to have little use of statistics in my professional life.
16. I consider that there are other matters more important than statistics for my future profession.
17. Working with statistics makes me feel nervous.
18. I don’t get upset when I have to work on statistics problems.
19. I would like to have an occupation in which I have to use statistics.
20. It gives me great satisfaction to solve statistical problems.
21. For my professional future, statistics is one of the most important subjects I have

to study.
22. Statistics makes me feel uncomfortable and nervous.
23. If I put my mind to it, I think I can master statistics.
24. If I had the opportunity, I would enroll in more statistics courses than are required.
25. The things taught in statistics classes are very uninteresting

Part 2 (R-SPQ-2F)

1. I find that at times studying gives me a feeling of deep personal satisfaction.
2. I find that I have to do enough work on a topic so that I can form my own conclusions

before I am satisfied.
3. My aim is to pass the course while doing as little work as possible.
4. I only study seriously what’s given out in class or in the course outlines.
5. I feel that virtually any topic can be highly interesting once I get into it.
6. I find most new topics interesting and often spend extra time trying to obtain more

information about them.
7. I do not find my course very interesting so I keep my work to the minimum.
8. I learn some things by rote, going over and over them until I know them by heart

even if I do not understand them.
9. I find that studying academic topics can at times be as exciting as a good novel

or movie.
10. I test myself on important topics until I understand them completely.
11. I find I can get by in most assessments by memorizing key sections rather than trying

to understand them.
12. I generally restrict my study to what is specifically set as I think it is unnecessary to

do anything extra.
13. I work hard at my studies because I find the material interesting.
14. I spend a lot of my free time finding out more about interesting topics, which have

been discussed in different classes.
15. I find it is unhelpful to study topics in depth. It confuses and wastes time, when all

you need is a passing acquaintance with topics.
16. I believe that lecturers shouldn’t expect students to spend significant amounts of time

studying material everyone knows won’t be examined.
17. I come to most classes with questions in mind that I want answering.
18. I make a point of looking at most of the suggested readings that go with the lectures.
19. I see no point in learning material, which is not likely to be in the examination.
20. I find the best way to pass examinations is to try to remember answers to

likely questions.
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