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Abstract

Understanding teachers” attitudes towards statistics is essential, as these attitudes influ-
ence both teaching practices and students’ learning outcomes. This study examines atti-
tudes toward statistics among Chilean teachers, comparing pre-service and in-service
teachers across emotional, cognitive, and behavioral dimensions. Using quantitative
methods, data were collected from 111 teachers through a modified version of the Atti-
tudes Toward Statistics and Its Teaching Scale survey. The results show that in-service
teachers display more positive attitudes toward statistics than pre-service teachers, sug-
gesting that professional experience and continuous development contribute to greater
confidence and competence in teaching statistics. Positive emotional experiences, such as
enjoyment and interest in statistics, are strongly associated with higher engagement in
both learning and teaching the subject. Additionally, perceiving statistics as valuable has
a positive effect on teachers’ instructional behavior. These findings have important impli-
cations for teacher education. They highlight the need for targeted professional develop-
ment initiatives that strengthen statistical knowledge while addressing emotional and at-
titudinal barriers. Furthermore, integrating real-world statistical applications into teacher
training programs can enhance relevance and engagement. Overall, promoting positive
attitudes toward statistics among teachers is key to improving the quality of statistics ed-
ucation and preparing students to function effectively in an increasingly data-driven so-
ciety.

Keywords: pre-service teachers; in-service teachers; attitudes; teaching; statistics

1. Introduction

Statistics is an integral part of modern education systems worldwide, serving as a
crucial tool for understanding and interpreting data in various fields. The inclusion of
statistics in university curricula varies across countries and is influenced by educational
policies and labor-market demands. In many countries, statistics is a mandatory compo-
nent of education at the primary and secondary level; integrating statistical concepts into
the mathematics curriculum and university curricula is essential for fostering statistical
literacy, which is increasingly recognized as a critical skill in the information age
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(Scheaffer & Jacobbe, 2014). Statistics prepares students for the data-driven world (Estrada
et al.,, 2018; Zieffler et al., 2017). It aims to develop students’ ability to interpret and criti-
cally analyze data, which is considered fundamental in society, where citizens encounter
vast amounts of information daily (Gal, 2004; Garfield & Ben-Zvi, 2008) and in the profes-
sional field, as industries increasingly rely on data-driven decision-making (Batanero et
al., 2004; Gal et al., 1997). This reflects a global trend where statistical education is not
confined to mathematics but extends to social sciences, health sciences, and other disci-
plines, ensuring a comprehensive educational experience (Watson & Smith, 2022).

Despite the recognized importance of statistics, educators around the world face nu-
merous challenges in teaching this subject (Batanero & Diaz, 2012). The first significant
barrier is the perception of statistics as a complex and abstract subject. Many students and
educators view statistics as intimidating, which hinders their engagement and motivation
(Steinberger, 2020). Overcoming these perceptions requires innovative teaching ap-
proaches that make statistics more accessible and relevant to students’ lives and future
careers (Gal, 2004) and address the varying levels of statistical competence among teach-
ers themselves (Gal & Ginsburg, 1994; Hannigan et al., 2013; Makar & Fielding-Wells,
2011). Many teachers, especially those not specializing in mathematics or statistics, may
feel unprepared to teach statistical concepts (Schoen et al., 2025). This lack of confidence
can translate into less effective teaching, which not only has consequences for students’
learning experiences but also shapes the learning environment (Ertmer & Ottenbreit-Left-
wich, 2010; Marzano & Marzano, 2003). An inadequate attitude from a teacher provoked
by this lack of preparation can lead to inappropriate responses to students with trauma,
increasing traumatization (Carton et al., 2025).

Incorporating statistics into the curriculum poses unique challenges that require tar-
geted teacher training. Effective teaching in this area requires more than familiarity with
the subject; it demands an understanding of its multifaceted nature, common misconcep-
tions, and the cognitive biases students often exhibit (Batanero et al., 2016). Many teachers
have limited exposure to practical applications and lack of experience in designing class-
room activities involving investigations or simulations (Kvatinsky & Even, 2002; Stohl,
2005). Furthermore, prospective teachers frequently share the same misconceptions about
probability as their students, which can hinder effective instruction (Batanero et al., 2014;
Prodromou, 2014).

Another key element of effective learning is teacher engagement (Ingvarson et al.,
2005). The attitudes and actions of teachers shape both students’” perceptions and their
engagement with learning (Fairhurst et al., 2023; Leighton et al., 2022), deeply influencing
the learning environment. Hollenstein et al. (2024) found that teachers with high expecta-
tions are associated with a decrease in anxiety, especially in Statistics, where anxiety is
common among both students and teachers (Steinberger, 2020). Teachers’ preferences for
constructivist environments shape how students engage with knowledge and build un-
derstanding, because these environments prioritize interaction and collaboration, empha-
size accessibility and adaptability in their design and shift the role of teachers from infor-
mation providers to facilitators (Van Petegem et al., 2005). In other words, a teacher’s at-
titude can create a dynamic and supportive learning environment that not only enhances
student achievement but also fosters enthusiasm for learning. However, a teacher’s ability
to change the learning environment is often constrained by the educational system. There
is often resistance to change within educational systems. Traditional curricula and teach-
ing methods may not prioritize statistical education, and integrating new content and
methods requires teachers’ time, resources, and professional development. This can be
particularly challenging in under-resourced educational environments where teachers
may already be overburdened (Batanero & Diaz, 2012).
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As we have seen, attitudes comprise cognitive and affective dimensions. The cogni-
tive dimension includes knowledge and beliefs about statistics, while the affective dimen-
sion involves feelings towards the subject. The experiential dimension covers personal
experiences with statistics (Unidad de Curriculum y Evaluacién [UCE], 2016). Thus, teach-
ers’ attitudes towards statistics can either facilitate or hinder their teaching practices. Pos-
itive attitudes are associated with diverse instructional strategies and a willingness to en-
gage students in statistical reasoning (Groth & Meletiou-Mavrotheris, 2018), and they are
crucial for effective teaching. For example, teachers with positive attitudes toward statis-
tics are more likely to use statistical methods in their teaching, thereby enhancing their
students’ learning experiences (Estrada et al., 2018). Conversely, negative attitudes may
lead to avoiding statistical content or reliance on rote teaching methods, undermining stu-
dent learning (Estrada et al., 2004).

Enthusiastic and confident teachers can inspire similar attitudes in their students,
fostering a positive learning environment. Conversely, teachers who view statistics as dif-
ficult or irrelevant may pass these views on to their students, negatively affecting engage-
ment and performance (Rodriguez-Alveal, 2017). Indeed, teachers using real-world appli-
cations and examples can make statistics more relevant and engaging for teachers and
students (Gamboa Araya & Moreira-Mora, 2016).

These dynamics are present across both pre-service and in-service teachers: while
pre-service teachers’ views on constructivist learning and teaching strategies shape their
emerging practice (Avsec & Jagielto-Kowalczyk, 2018; Cimermanova, 2017; Savolainen et
al., 2012), in-service teachers must continually renew their approaches to sustain student
motivation (Borges, 2022; Debbag & Fidan, 2022). In both cases, fostering supportive atti-
tudes is essential for creating inclusive and effective learning environments (Monsen et
al., 2014).

In this context, understanding teachers’ attitudes toward statistics is vital, as these
attitudes significantly influence learning contexts and student achievement and attitudes
(Dushimimana et al., 2024). Positive attitudes towards statistics among teachers are asso-
ciated with greater enthusiasm and effectiveness in teaching the subject, fostering a more
engaging and supportive learning environment for students. Assessing these attitudes
helps identify areas where teachers may need additional support or professional devel-
opment, ensuring they are well-equipped to deliver high-quality statistical education
(Zieffler et al., 2017). Furthermore, it can help in curriculum design and in developing
teaching resources that better address teachers’ needs and concerns (Tishkovskaya & Lan-
caster, 2012).

Various efforts are being made to assess teachers’ attitudes towards statistics. One
common approach is to use standardized assessment tools that measure teachers’ atti-
tudes, beliefs, and self-efficacy in statistics. For example, the Attitudes Toward Statistics
and Its Teaching Scale (EAEE) is widely used to evaluate these components and identify
specific areas where teachers may require additional support (Estrada et al., 2011). Jong
and Hodges (2015) used Mathematics Experiences and Conceptions Surveys (MECS) to
analyze the evolution of attitudes among pre-service elementary school teachers enrolled
in three universities (in mathematics coursework). They showed that coursework can be
an effective tool for developing positive attitudes towards mathematics. Professional de-
velopment programs are among the most popular ways to enhance teachers’ attitudes to-
ward statistics, providing opportunities to deepen their understanding of statistical con-
cepts, learn new teaching methodologies, and gain confidence in their ability to teach sta-
tistics effectively. By participating in these programs, teachers can develop a more positive
outlook on statistics and become more effective educators (Gal & Ginsburg, 1994; Han-
nula, 2002; Ivars et al., 2020; Mendes et al., 2024). In addition to professional development,
collaborative learning communities where teachers can share experiences and best prac-
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tices have proven beneficial. Such communities foster a supportive environment in which
teachers can discuss challenges, exchange ideas, and receive feedback from peers, thereby
improving attitudes and teaching practices (Schau et al., 1995).

The primary aim of this study is to investigate attitudes towards statistics among
teachers in Chile and to compare them between pre-service and in-service teachers, with
the objective of informing better practices in Statistics’ teaching. By examining the emo-
tional, cognitive, and behavioral aspects of these attitudes, the study aims to identify the
factors that influence how teachers perceive and engage with statistics and its teaching.
Understanding these factors is crucial for creating targeted professional development pro-
grams that can improve the teaching and learning of statistics in educational settings.

2. Theoretical Framework and Hypothesis

This study is substantiated in the multidimensional model of attitudes, which con-
ceptualizes attitudes as integrated structures comprising affective, cognitive, and behav-
ioral components (Ajzen, 1989; Di Martino & Zan, 2015; McLeod, 2006). This framework
has been widely adopted in mathematics and statistics education research as the theoret-
ical lens through which teachers’ orientations toward a subject—and the ways those ori-
entations shape their instructional practice—can be systematically examined (Estrada et
al.,, 2018; Gal & Ginsburg, 1994; Schau et al., 1995). Several theoretical perspectives have
been proposed to explain how teachers relate to statistics and its teaching. Early cognitive
frameworks focused on knowledge and beliefs as the primary drivers of teaching behav-
ior (Shulman, 1986) but did not account for the role of emotion and motivation. More re-
cent affective models emphasized anxiety, enjoyment, and self-efficacy (Onwuegbuzie &
Wilson, 2003), but tend to treat affect in isolation from the cognitive appraisals that give it
meaning. The multidimensional attitude framework addresses these limitations by inte-
grating both dimensions into a unified construct that also captures behavioral intentions
and has been validated in comparable contexts involving pre-service and in-service teach-
ers (Dushimimana et al., 2024; Estrada et al., 2004; Ruz et al., 2022).

Attitudes are viewed as complex constructs that integrate emotional and cognitive
elements, making them central to the educational experience. Ajzen (1989) describes atti-
tudes as an individual’s predisposition to respond positively or negatively to various en-
vironmental elements. Thus, they determine personal intentions and influence behavior
(Gémez-Chacdn, 2000). This broad definition highlights the profound influence of atti-
tudes on behavior and decision-making. McLeod (2006) described attitudes as moderate-
intensity feelings that influence one’s affective responses. Several researchers offer defini-
tions that expand on these foundational ideas. Gal et al. (1997) emphasize that attitudes
are the cumulative result of emotions and feelings experienced over time in learning en-
vironments. Aiken (2002) describes attitudes as organized sets of beliefs that predispose
individuals to respond in particular ways, aligning with Philipp’s perspective that atti-
tudes represent habitual ways of acting, feeling, or thinking about specific topics (Philipp,
2007). Elaborating on the complexity of attitudes within the educational context, Estrada
Roca (2003) describes attitudes as “the sum of emotions or feelings experienced during the
period of learning a subject under study.” These definitions highlight the significance of
attitudes in shaping learning experiences and behavioral outcomes. Teachers’ attitudes
can facilitate or hinder teaching, influencing classroom actions (Zapata Cardona & Rocha
Salamanca, 2011). Indeed, attitudinal elements can affect the results of academic training
and potentially be transferred to the school system (Afamasaga-Fuata’i & Sooaemalelagi,
2014; Gamboa Araya & Moreira-Mora, 2016).

Attitudes act as a bridge between beliefs and emotions, encapsulating elements from
both domains. Attitudes include beliefs about oneself and the subject matter, emotions
related to these beliefs, and the interplay between these components (Di Martino & Zan,
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2015). Attitude is a multidimensional construct comprising affective, cognitive, and be-
havioral components (Gal & Ginsburg, 1994; Gémez-Chacdn, 2000; Ramirez Martinez et
al.,, 2012; Schau et al., 1995). The Affective Component towards Statistics (AS) measures
feelings such as pleasure, interest, and anxiety (Gal et al., 1997). The Cognitive Compe-
tence towards Statistics (CCS) assesses self-perception of competence, knowledge, and in-
tellectual skills in statistics (Schau et al., 1995). The Behavioral Component towards Sta-
tistics (BS) captures inclinations to act towards statistics, including decision-making and
helping others learn about it (Schau et al., 1995). These aspects collectively shape how
students perceive and engage with academic subjects.

Attitudes toward a subject are built on prior experiences in educational settings: pos-
itive or negative interactions significantly shape their development (Gal et al., 1997). Veloo
& Chairhany (2013) found that attitudes play a crucial role in shaping students’ orienta-
tion towards learning, emphasizing the importance of fostering positive attitudes early in
educational journeys. Students in STEM fields tend to show more positive attitudes to-
ward statistics than those outside STEM (Gundlach et al., 2015). Moreover, attitudes be-
come relatively stable over time, incorporating more cognitive components and less emo-
tional intensity than initial emotional reactions (Gal et al., 1997). Thus, this stability means
that attitudes toward statistics developed over the years may be associated with teachers’
willingness to engage with the subject. Feelings such as pleasure, interest, or anxiety are
therefore expected to be associated with inclinations to act on statistics—for example, by
incorporating it into decision-making or by helping others learn it:

H1. Teachers’ affection towards statistics is positively associated with their behavior towards sta-
tistics.

Similarly, a favorable perception of one’s own competence, knowledge, and intellec-
tual skills in statistics is expected to be associated with greater self-confidence and, conse-
quently, with stronger inclinations to act toward statistics:

H2. Teachers’ perception of statistical competence is positively associated with their behavior to-
wards statistics.

Following Estrada et al. (2005), a favorable perception of a teacher’s ability to teach
statistics and help students (Cognitive Competence towards Teaching Statistics, CTS) may
be positively associated with their willingness to teach statistics (Behavior towards Teach-
ing Statistics, BTS). In addition to statistical understanding, positive learning experiences
influence teachers’ attitudes (Estrada & Batanero, 2008). Therefore, we can expect that pos-
itive feelings towards teaching statistics (ATS) built over past experiences are expected to
be positively associated with the willingness to teach statistics (BTS):

H3. Teachers’ affection toward teaching statistics is positively associated with their behavior to-
ward teaching statistics.

H4. Teachers’ perception of competence in teaching statistics is positively associated with their
behavior toward teaching statistics.

Many teachers view statistics positively, recognizing its value in addressing real-
world problems and connecting cognitive and social education components (Martins et
al., 2011, 2012). The appreciation of statistics’ usefulness, relevance, and importance in
personal and professional life is expected to be associated with greater willingness to teach
statistics:
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HS5. Teachers’ perceived value of statistics is positively associated with their behavior towards
teaching statistics.

Teachers’ personal behavior towards statistics is also expected to play a significant
role in how they approach their teaching. The engagement of those teachers who actively
engage with statistical content in their own practice is expected to be carried over into the
classroom:

H6. Behavior toward statistics is positively associated with behavior toward teaching statistics.

Similarly, good behavior towards statistics is expected to be associated with the
teacher’s perception of statistics’ value:

H?7. Behavior towards statistics is positively associated with the perceived value of statistics.

Previous research, however, suggests that other characteristics might moderate these
relations. Specialization in STEM fields correlates with more positive attitudes toward sta-
tistics than does specialization in non-STEM fields (Gundlach et al., 2015), suggesting that
familiarity with quantitative methods may enhance attitudes toward statistics. Other re-
search shows that in-service teachers consistently show more positive attitudes than pre-
service teachers (Estrada et al., 2004; Rodriguez-Alveal, 2017; Ruz et al., 2022). No signifi-
cant gender differences have been reported (Salifu & Dokurugu, 2022).

3. Materials and Methods

3.1. Sample and Data Collection

This study used an adapted version of the Attitudes Toward Statistics and Probabil-
ity and Its Teaching Scale (EAPE) for teachers, designed by (Estrada et al., 2018). In this
adaptation, the word “probability” was replaced with “statistics,” resulting in the Atti-
tudes Toward Statistics and Its Teaching Scale (EAEE). The instrument consists of 28 state-
ments, with 14 written in a positive tone and 14 in a negative tone. Data were collected via
a custom-designed questionnaire using a 5-point Likert scale, where 0 indicates total dis-
agreement and 10 indicates total agreement. The questionnaire targeted in-service and
pre-service teachers, selected through a non-probabilistic convenience sampling method
(McMillan & Schumacher, 2001).

Table 1 presents the sample characteristics of the controlled variables, specifically
gender and teaching experience, as indicated by the years a teacher has been involved in
teaching statistics.

Table 1. Sample characteristics and comparison.

Variable Mean Std.Dev. Median Kruskal-Wallis Kruskal-Wallis

H-Statistic p-Value
AS 3.845 0.775 4
Women 3.865 0.816 4 0.331 0.565
Men 3.807 0.700 4
Pre-service  3.645 0.745 3.67 6.876 0.009
In-service 3.987 0.771 4
CCSs 3.234 0.762 3.33
Women 3.151 0.768 3.33 2.179 0.140
Men 3.395 0.735 3.33
Pre-service  3.196 0.833 3.33 0.271 0.603
In-service 3.262 0.713 3.33
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BS 3.694 0.652 3.75
Women 3.757 0.682 3.75 2.852 0.091
Men 3.572 0.578 3.625
Pre-service  3.440 0.709 3.5 11.202 0.001
In-service 3.873 0.545 3.75
ATS 4.230 0.575 4.5
Women 4.295 0.600 4.5 4.568 0.033
Men 4.105 0.509 4
Pre-service  4.054 0.580 4 7.557 0.006
In-service 4.354 0.543 4.5
CTS 3.086 0.894 3.5
Women 3.000 0.954 3.5 1.134 0.287
Men 3.250 0.751 3.25
Pre-service 3.152 0.887 3 0.155 0.694
In-service 3.038 0.903 3.5
VTS 4.324 0.598 4.5
Women 4411 0.542 4.5 3.691 0.055
Men 4.158 0.669 4.25
Pre-service  4.087 0.608 4 13.582 0.000
In-service 4.492 0.534 4.5
BTS 4.086 0.679 4
Women 4.142 0.696 4.333 1.589 0.207
Men 3.978 0.639 4
Pre-service  4.069 0.652 4.333 0.017 0.896
In-service 4.097 0.701 4

The sample closely mirrors the broader population of Chilean university-level statis-
tics teachers. It comprises 30.8% men and 24.9% women, 46 pre-service teachers (41.4%),
and 65 in-service teachers (58.6%). To evaluate differences by gender and professional ex-
perience in the study’s concepts, we calculated a composite variable as the average of the
items included in the final model. To select the appropriate method for the comparison,
we investigated the normality of the composite variables through Q-Q plots and Shapiro—
Wilk tests. Due to failure to pass the normality test, we used the Kruskal-Wallis test on
medians for the analysis. Table 1 summarizes the mean, standard deviation, median,
Kruskal-Wallis H statistic (Ostertagova et al., 2014), and p-values for the paired compari-
sons (men vs. women and in-service vs. pre-service). The H statistic indicates that AS, BS,
ATS, and VTS are significantly higher (p < 0.05) for in-service teachers than for teachers in
their training period. In the comparison between men and women, we found only a sig-
nificantly higher ATS in women. Then, for example, in-service teachers in the sample
show more affection for statistics than those in their training period. Table 1 shows
whether there are differences in the level of the concepts evaluated in the study. However,
it does not show whether one concept is significantly associated with the other, the mag-
nitude of this relation, or whether, combined, they result in a specific outcome. Thus, we
require other methods to evaluate these aspects.

3.2. Measures

The measurement instrument is divided into seven components: (1) Affection to-
wards statistics (AS); (2) Perceived cognitive competence in statistics (CCS); (3) Behavior
towards statistics (BS); (4) Affection towards the teaching of statistics (ATS); (5) Perceived
didactic competence in teaching statistics (CTS); (6) Behavior towards the teaching of sta-
tistics (BTS); (7) Value towards statistics and its teaching (VTS), that are derived from an
extensive literature review (see literature review section).
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The original measures presented some consistency issues, so we removed some items
from the final model.

3.3. Data Analysis

We used PLS-SEM with SmartPLS (Hair et al., 2011; Ringle et al., 2024) and fsQCA
(Ragin & Davey, 2022) for data analysis. PLS-SEM efficiently evaluates causal relation-
ships within complex models that involve multiple constructs and dependencies (Hair et
al.,, 2011). This method accommodates non-normal data distributions and simultaneously
handles both reflective and formative measures, providing insights into the strength and
significance of relationships among constructs. It helps understand direct, indirect, and
total effects, making it useful for testing hypotheses about linear relationships and build-
ing predictive models.

We employed Fuzzy Set Qualitative Comparative Analysis (fsQCA) to complement
our PLS-SEM analysis. While PLS-SEM is grounded in linear regression and assumes that
relationships between variables are symmetrical and linear, fsQCA adopts a configura-
tional approach. It examines how different combinations of causal conditions lead to a
particular outcome, acknowledging equifinality, meaning that multiple pathways can
lead to the same outcome. FsQCA identifies complex interaction effects and variable con-
figurations that might not be detectable with linear methods such as PLS-SEM. This
method allows us to identify the conditions or combinations sufficient for a desired out-
come, addressing limitations related to linearity, symmetry, and variable interdependen-
cies (Ragin, 2008; Schneider & Wagemann, 2010; Woodside, 2013).

The combined approach of PLS-SEM and fsQCA provides a more detailed and ac-
tionable understanding of how different elements interact to influence the outcome, offer-
ing a robust framework for analyzing complex data.

4. Results
4.1. Measurement Model

The measurement model analysis comprises several stages: evaluating the individual
reliability of indicators, assessing construct reliability, and confirming convergent and dis-
criminant validity. Indicator reliability was assessed using factor loadings, which ranged
from 0.4 to 0.7 and exceeded 0.7 for most items, as Hair et al. (2011) recommended. The
model retained 19-item scales (see Table 2).

Construct reliability was evaluated using the Composite Reliability (CR) index. Con-
vergent validity was confirmed through the average variance extracted (AVE). Composite
reliability values exceeded the critical threshold of 0.7 for all variables (Hair et al., 2009),
and AVE values were above 0.5 (Fornell & Larcker, 1981), indicating satisfactory reliability
and convergent validity (see Table 2).

Table 2. Measurement model reliability and validity.

Loadings CR AVE

Affection towards statistics (AS) 0.859 0.670
AS1 0.755
AS2 0.848
AS4 0.85
Affection towards teaching statistics (ATS) 0.781 0.644
ATS1 0.707
ATS3 0.888
Behavior towards statistics (BS) 0.837 0.562
BS1 0.787
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BS2 0.745
BS3 0.767
BS4 0.696

Behavior towards teaching statistics (BTS) 0.769 0.531
BTS1 0.794
BTS3 0.587
BTS4 0.786

Competence in statistics (CCS) 0.780 0.542
CCs1 0.737
CCS2 0.770
CCS4 0.699

Perceived didactic competence in teaching statistics (CTS) 0.862 0.758
CTs1 0.812
CTS4 0.925

Perceived value of statistics (VTS) 0.851 0.741
VTS1 0.842
VTS4 0.880

Discriminant validity was assessed using the Fornell-Larcker criterion (Fornell &
Larcker, 1981), which requires the square root of the AVE to be higher than the correla-
tions between constructs, suggesting that all variables are empirically distinct and, there-

fore, confirming the discriminant validity of the scales (see Table 3).

Table 3. Discriminant validity measures.

AS ATS BS BTS CCS CTS VTS
AS 0.819
ATS 0.608 0.802
BS 0.519 0.437 0.75
BTS 0.473 0.528 0.406 0.728
CCS 0.365 0.31 0.408 0.233 0.736
CTS 0.573 0.352 0.431 0.361 0.538 0.87
VTS 0.296 0.33 0.473 0.481 0.179 0.091 0.861

4.2. Structural Model

After evaluating the measurement model, we tested the hypothesized relationships

within the model. The structural model evaluation involved analyzing path coefficients
(B coefficients), coefficients of determination (R?), and predictive relevance (Q?). Table 4
presents the results of the proposed structural model for the total sample and the two

subgroups analyzed —gender (male or female) and teacher type (pre-service or in-ser-

vice). Figure 1 shows the model for the overall sample, with the partial regression coeffi-

cients ([3 or path coefficients), displayed next to the arrows and the R? values for the cor-

responding regressions indicated inside the endogenous variables.
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Table 4. Results of the structural model.
Effects on Path f2 Variance Explained Q2 Men Women In-Service Pre-Sevice
Behavior towards statistics 0.324 0.282
H1: Affection towards statistics 0.427 (5.487) *** 0.234 0.222 0.338 (2.497)*  0.438 (4.76) ** 0.346 (3.156) ** (0.448 (3.813) **
H2: Competence in statistics 0.252 (3.037) ** 0.082 0.103 0.275 (1.288) n.s. 0.326 (3.415) ** 0.269 (1.822) n.s. 0.282 (2.223) **
Behavior towards teaching statistics 0.423 0.252
H3: Affection towards teaching statistics 0.339 (2.874) ** 0.149 0.179 0.16 (0.582) n.s. 0.417 (3.367) **  0.43 (3.82) *** 0.349 (1.903) n.s.
H4: Perceived didactic competence in teaching statistics0.209 (1.907) n.s. 0.057 0.075 0.138 (0.799) n.s. 0.265 (1.771) n.s. 0.329 (2.431) * -0.028 (0.19) n.s.
H5: Perceived value of statistics 0.349 (2.094) * 0.155 0.168 0.737 (2.071) * 0.141 (1.155) n.s. 0.106 (0.979) n.s. 0.639 (2.796) **
He6: Behavior towards statistics 0.002 (0.023) n.s. 0.000 0.001 -0.131 (0.624) n.s.0.022 (0.169) n.s. 0.108 (0.88) n.s. —0.04 (0.232) n.s.
Perceived value of statistics 0.224 0.072
H?7: Behavior towards statistics 0.473 (5.319) *** 0.288 0.224 0.527 (2.815) **  0.45 (4.28) *** 0.354 (3.055) ** 0.498 (3.444) **

HAA

significant at p <0.001, ** significant at p < 0.01, * significant at p > 0.05, n.s. not significant.
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Figure 1. Representation of the PLS-SEM model.

Path coefficients (standardized ) represented the strength of the associations be-
tween constructs. To determine the significance of these relationships, we estimated re-
gression coefficients between latent factors, along with their t-statistics and p-values, us-
ing a bootstrapping procedure with 5000 samples (see Table 4). Effect sizes (f?) for rela-
tionships in the structural model are also reported by Hair et al. (2014). The coefficient of
determination (R?) indicates the variance explained by the model, reflecting its explana-
tory power (Chin, 1998) (see Table 4). Additionally, the Q? value measures the model’s
ability to predict the reflective indicators of the endogenous latent variables.

As illustrated in Table 4, the results support H1 and H2, indicating a significant as-
sociation of Affection towards statistics and Competence in Statistics (CS) on Behavior
towards statistics (BS) (H1: 1 = 0.427, sig. at p <0.001; H2: 2 = 0.252, sig. at p <0.01). H3,
showing the association between ATS on the BTS (H3: 33 = 0.339, sig. at p <0.01), was also
supported.

Following Cohen (2013), we see that these significant effects can be classified as mod-
erate. Conversely, H4 examining the association between CTS and the BTS was not sup-
ported (H4: 34 =0.05, not significant), indicating that BS and BTS follow different patterns.
While regarding statistics, perceived competence is positively associated with behavior,
the perceived competence in teaching statistics shows no significant association with Be-
havior towards teaching statistics.

Regarding the relation between BS and BTS, the non-significance of the direct path
between the two constructs (H6: 36 = 0.002, not significant) and the significant positive
relationships of BS on the VTS (H7: f7 = 0.473, sig. at p < 0.001), and the later on the BTS
(H5: 3 =0.349, sig. at p <0.05) uncovers a complete mediation between the two behaviors
(BS and BTS). In other words, Behavior toward statistics increases the Behavior toward
teaching statistics if there is an increase in the perceived value of statistics for the teacher.
Additionally, we can see that the variance in the BTS (42.3%) is explained at a similar level
by the VTS (16.8%) and the ATS (17.19%). Results also indicate that AS is a stronger pre-
dictor (31 = 0.427 and explained variance 22.2%) in BS than the CS (32 = 0.252 and ex-
plained variance 10.3%).
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Finally, we obtained Q? values using a blindfolding procedure in the structural
model. The values above zero (Table 3) suggest the model has satisfactory predictive rel-
evance.

We assessed whether there are differences in the patterns governing these relation-
ships concerning the gender and the experience of the teachers. To this end, we conducted
a multigroup analysis (PLS-MGA). Bootstrapping results were retrieved for the total sam-
ple and the subgroups (see Table 4), and differences in path coefficients between these
groups were tested using bias-corrected and accelerated (Bca) 95% confidence intervals.
The results showed that Bca confidence intervals (not reported) between the comparison
groups (men vs. women, In-service vs. Pre-service) overlapped, indicating no significant
difference in the pair path coefficients. However, differences in the significance of certain
paths were observed between segments. For example, it looks like BTS for men are driven
by the BS and the VTS (H7: 37 = 0.527, sig. at p < 0.01 and H5: 5 =0.737, sig. at p < 0.05)
while, in women, it comes from the ATS (H3: 33 =0.417, sig. at p <0.01). Similarly, for pre-
service teachers (H7: 37 = 0.498, sig. at p <0.01 and. H5: 5 =0.639, sig. at p <0.01) and in-
service teachers (H3: 33 = 0.43, sig. at p < 0.001 and H3: 33 = 0.329, sig. at p < 0.05). These
results suggest that the patterns leading to the Behavior teaching statistics can differ for
male and female teachers and pre-service and in-service teachers. However, the limited
sample limits the ability to confirm the differences between the groups, and further re-
search is needed.

4.3. FsQCA Analysis

FsQCA allows for evaluating causal conditions or combinations of conditions suffi-
cient to achieve a desired outcome. This study’s desired outcome is high BTS. The condi-
tions examined include the constructs in our PLS model, as well as gender and the teach-
ing experience level.

The initial step in the fSQCA process is calibration, which involves transforming the
conditions and outcome variables into fuzzy sets ranging from 0 (full non-membership)
to 1 (full membership). We employed Ragin’s direct calibration method (Ragin, 2008).
Gender and teaching experience were treated as crisp sets, with experience configured as
a dummy variable: 1 indicating an in-service teacher and 0 indicating a teacher in his/her
teaching training period. For the other variables measured on 5-point Likert scales, we
calculated the average values for each construct and used percentiles to set thresholds for
full membership, full non-membership, and the crossover point (Beynon et al., 2016; Dul,
2016). Total membership was defined at the 90th percentile, full non-membership at the
10th percentile, and the crossover point at the 50th percentile. Following Ordanini et al.
(2014), we converted the original scores to odds ratios. We calculated the degree of mem-
bership using the formula exp(logodds) /(1 + exp(log(odds)), thereby transforming the
construct values into fuzzy sets.

The next step is constructing a truth table. Consistent with (Ragin, 2008), we chose a
consistency cut-off of 0.80 and a minimum frequency of 1 case for further analysis.

Finally, we conducted logical minimization, which yields three solutions—complex,
parsimonious, and intermediate—based on how logical remainders (combinations in the
truth table with no cases in the sample) are treated. Table 5 presents the intermediate so-
lution, considered superior (Woodside, 2013) for both high and low levels of environmen-
tal orientation.

We identified three solutions for high BTS levels and three for low levels, as shown
in Table 5. The overall solution consistency for high BTS is 0.902, exceeding the recom-
mended threshold of 0.75. In this context, consistency is analogous to significance in sta-
tistical models (Woodside, 2013), which measures the extent to which a subset relation-
ship is approximated. The overall solution coverage is 0.285, comparable to the R? value
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in regression analysis (Ragin, 2006), indicating the empirical relevance of a consistent sub-
set. Thus, the model accounts for only about 28.5% of the respondents who exhibit high
BTS.

Table 5. fsQCA results.

High Levels of BTS Low Levels of BTS
Configuration 1 2 3 4 5 6
AS J . J ® ®
CCs ° . by by
BS J J ® ®
ATS . J o ® ®
CTS ° ° ° ® ®
VTS ° ° ° ®
Gender ® &® &® ® .
Experience ] ° ® ° )
Consistency 0.826 0.883 0.977 0.744 0.841 0.899
Raw Coverage 0.136 0.176 0.101 0.289 0.245 0.185
Unique Coverage 0.008 0.048 0.101 0.075 0.031 0.185
Overall Solution consistency 0.902 0.792
Overall solution coverage 0.285 0.510

Note: e indicates a present condition (core or peripheral); @ indicates an absent condition; blank
cells indicate conditions not relevant to the configuration. Symbols follow Ragin’s (2006) fsQCA

notation.

The model indicates that respondents with a high affection towards statistics (AS), a
high affection towards teaching statistics (ATS), a high perceived competence towards
teaching statistics (CTS), and a high perceived value of statistics (VTS) are conditions pre-
sent in all the paths to high levels of Behavior towards teaching statistics. These condi-
tions, and high levels of competence towards statistics (Solution 1) or high levels of Be-
havior towards statistics (Solution 2), in in-service women teachers are sufficient for high
levels of BTS. Additionally, teachers in their training period who show high values in all
the parameters also show high values in BTS (Solution 3). Although we did not find sig-
nificant differences in the paths in the PLS model, having In-service women teachers and
teachers in their training periods shows specific, consistent paths leading to high levels of
BTS.

We found that, among In-service women, teachers’ low levels of Behavior towards
statistics are a sufficient condition for low levels of BTS (solution 4). Alternatively, for this
group (women In-service teachers), low levels are also observed when teachers show low
levels of affection and perceive low competence in statistics and teaching statistics (solu-
tion 5). Finally, male teachers who show low levels of BTS also show low levels of affec-
tion, perceived competence, and perceived value (solution 6). This analysis shows differ-
ences in the paths for high and low levels of BTS among gender and teaching experience.
However, the model’s relatively low coverage indicates that other attitudinal characteris-
tics among teachers may be affecting their Behavior toward teaching statistics.

5. Discussion and Conclusions

Our findings show that teachers generally exhibit positive affective attitudes towards
statistics, reflecting a willingness to engage with the subject. Similarly, the affective com-
ponent of teaching statistics is positively associated with the teacher’s willingness to teach
statistics. This aligns with previous studies indicating that positive emotional experiences
in learning environments contribute to higher engagement and, therefore, better learning
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outcomes (Gal & Ginsburg, 1994). However, some participants reported feelings of anxi-
ety and insecurity when dealing with statistical problems, highlighting a potential area
for intervention. These findings align with the observations of Garfield & Ahlgren (1988),
who noted that teacher apprehension regarding statistical content often limits their ability
to deliver effective instruction. This anxiety can be mitigated through supportive instruc-
tional strategies that build confidence and reduce fear. For instance, providing real-world
applications and collaborative learning opportunities can make statistics more relatable
and less intimidating (Schau et al., 1995). Additionally, providing a supportive environ-
ment where teachers can share experiences and receive peer feedback can alleviate anxiety
(Hannula, 2002).

The cognitive component, which involves beliefs about one’s competence in statis-
tics, also plays an important role. Teachers who perceive themselves as competent are
more likely to incorporate statistical concepts into their teaching. The lower scores indicate
that while many teachers feel confident in their statistical abilities, a subset still doubts
their competence. This lack of confidence can be addressed through targeted professional
development programs that enhance statistical skills and knowledge (Estrada et al., 2011).
Cognitive competence is essential for effective teaching, as it influences teachers’ instruc-
tional strategies, their ability to explain complex concepts to students, and their ability to
design effective learning experiences, all of which are relevant to creating a proper learn-
ing environment. Enhancing cognitive competence can be achieved through hands-on
training, workshops, and continuous professional development, providing teachers with
the tools and knowledge to teach statistics effectively (Batanero et al., 2016). By improving
their statistical competence, teachers can feel more confident and be better prepared to
engage students in meaningful statistical learning. However, teachers’ perceptions of their
competence in teaching statistics show no significant association with their Behavior to-
ward teaching statistics.

Behavior toward statistics involves the actions and inclinations to engage with statis-
tical tasks. Positive behaviors include the willingness to use statistics and data in decision-
making. Our findings indicate that teachers with positive affective and cognitive attitudes
toward statistics are more likely to exhibit positive behavioral intentions toward statistics.
Similarly, positive attitudes toward teaching statistics are associated with the Behavior
toward teaching statistics. All this is consistent with the hypothesis that attitudes are as-
sociated with behaviors (Ajzen, 1989). Therefore, effective teacher training programs
should foster positive attitudes that translate into proactive teaching behaviors. Encour-
aging teachers to integrate statistics into various subjects and to use data-driven decision-
making can enhance the learning environment and the overall quality of education (Gar-
field & Ben-Zvi, 2008). In addition, providing opportunities for teachers to practice these
behaviors in a supportive setting can further reinforce positive attitudes and actions.

The perceived value of statistics emerges as an essential element driving the Behavior
toward teaching statistics. Indeed, we found it to mediate the relationship between Be-
havior towards statistics and teaching statistics. A positive attitude towards statistics in-
creases the attitude towards teaching statistics when teachers perceive greater value in
statistics. Then, any action to increase teacher Behavior should reinforce the importance
of statistics in various domains to enhance its perceived value (Pfannkuch, 2008).

Interestingly, our study found no significant gender differences in attitudes toward
statistics and the paths relating to attitudes and behaviors, suggesting that both male and
female teachers hold similar views. This finding contrasts with previous studies that re-
ported gender disparities in attitudes toward mathematics and statistics (Gil-Flores, 1999).
The absence of gender differences in our study may indicate a shift towards more signifi-
cant gender equity in attitudes towards statistics, a positive development for fostering
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inclusive educational environments. Differences based on the teachers’ experience were
more pronounced.

The findings highlight the importance of fostering positive attitudes towards statis-
tics among teachers in shaping classroom environments. Teacher training programs
should incorporate strategies to enhance both the affective and cognitive components of
attitudes toward statistics and address common challenges and misconceptions about sta-
tistics. Providing teachers with a deeper understanding of statistical concepts, common
misconceptions, and effective teaching strategies can help them feel more prepared and
confident in teaching statistics (Flores Lopez & Olivar Molina, 2017). Inquiry-based learn-
ing, problem-solving, and data analysis activities can enhance students” engagement and
understanding (Gal, 2004). Programs should include components that target affective fac-
tors, such as building confidence and reducing anxiety around statistics. Mentorship and
professional development opportunities can help teachers develop positive attitudes (Ruz
et al., 2022).

Additionally, designing a curriculum that integrates statistical concepts across vari-
ous subjects and grade levels can help students develop a strong foundation in statistical
literacy (Garfield & Ben-Zvi, 2008). However, our study suggests that the willingness to
teach statistics is correlated with the value teachers place on statistics. Then, to foster pos-
itive Behavior in teaching statistics, it is essential to apply these concepts to real-world
problems and contexts. Real-world applications and examples can make statistics more
relevant and engaging for teachers and students (Gamboa Araya & Moreira-Mora, 2016).

This study has some limitations that could be addressed in the future. In particular,
it would be advisable to use a larger sample and select participants through probabilistic
sampling. It would also be interesting to compare it with studies on samples of pre-service
and in-service teachers from other countries.

In conclusion, this study highlights that teachers” attitudes toward statistics are asso-
ciated with their Behavior toward teaching statistics, influencing students” learning expe-
riences. By fostering positive attitudes towards statistics and providing teachers with the
necessary training and support, we can enhance the quality of statistics education and
promote statistical literacy among students. Future research should continue to explore
the factors that influence teachers’ attitudes toward statistics and develop targeted inter-
ventions to address these factors. By understanding and addressing teachers” needs and
concerns, we can ensure they are well-equipped to deliver high-quality statistical educa-
tion and prepare students for a data-driven world.
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The following abbreviations are used in this manuscript:

AS Affection towards Statistics

CCS Cognitive Competence towards Statistics

BS Behavior towards Statistics

ATS Affection towards Teaching Statistics

CTS Cognitive Competence towards Teaching Statistics
BTS Behavior towards Teaching Statistics

VTS Value towards Statistics (and its Teaching)

EAEE Attitudes Toward Statistics and Its Teaching Scale
EAPE Attitudes Toward Statistics and Probability and Its Teaching Scale
PLS-SEM Partial Least Squares Structural Equation Modeling
fsQCA Fuzzy-set Qualitative Comparative Analysis
PLS-MGA Partial Least Squares Multigroup Analysis
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