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Measuring and Improving University Students’ Statistics Self-Concept: A Systematic 

Review 

 

Abstract 

This systematic review aimed to explore how university students’ statistics self-concept 

can be determined and enhanced. Five databases were included in this review, with the 

initial search returning 217 studies, after duplicates were removed. Following the 

implementation of the eligibility criteria, 21 studies remained for qualitative synthesis. 

The results of this review indicated that statistics self-concept is assumed to be a 

dimension of statistics attitudes. Additionally, the impact of different methods on statistics 

self-concept were tested in several studies, but these studies were appraised as 

methodologically unsound. Accordingly, this review recommends randomised controlled 

trials to be conducted in further studies to claim a strong casual mechanism. 

 

Keywords: Statistics self-concept; Cognitive competence; Attitudes toward statistics; 

Expectancy-value model; Systematic review 

 

 

1.  Introduction  

Statistics courses are compulsory in many college/university undergraduate programs 

(Baloğlu et al., 2011; Ncube & Moroke, 2015). As a compulsory element of courses, enrolled 

students may encounter some difficulties including negative attitudes (Schau et al., 1995), 

high statistics anxiety (Onwuegbuzie & Wilson, 2003) and insufficient statistical knowledge 

(Hirsch & O’Donnell, 2001). Some of these issues can be tackled by developing students’ 

statistics self-concept, referring to one’s evaluation of their competence in a domain (Jones et 

al., 2015). A positive self-concept can lead to improved academic achievement and 

motivation (Eccles, 1983; Wigfield & Eccles, 2000), continuous effort (Marsh et al., 1991; 

Trautwein et al., 2006), and better educational choices, such as academic persistence (Guay et 

al., 2004; Marsh & O’Mara, 2008). Understanding and measuring academic self-concept, and 

more specifically statistics self-concept, is therefore important, yet the soundness of available 

indicators to do so is problematic due to the vagueness and diversity of definitions (Shavelson 

et al., 1976; Marsh, 1992; Marsh & Hau, 2004). Consequently, the critical examination of 

widely used data collection tools for statistics self-concept and teaching approaches aiming to 

develop university students’ statistics self-concept is beneficial; however, reflects a current 

gap within the literature. 

 

1.1  Self-concept: A Multidimensional and Hierarchial Structure  

Self-concept has a multidimensional and hierarchical structure based on a theoretical model 

established by Shavelson et al. (1976). General self-concept refers to an individual’s 

perceptions about oneself; this is then divided into two subcategories of academic self-

concept and non-academic self-concept. The next level refers to the domain-specific self-

concept (Figure 1). Marsh and Hau (2004) advocated this theoretical model for two reasons. 

First, compared with global and non-academic components of self-concept, the correlation 

between academic self-concept and academic outcomes is higher. Second, there is a 

correlation between achievement and academic self-concepts in the matching domain. An 

example of matching domains is mathematics and statistics; although both domains include 

the same topics, these are treated differently in terms of the functions of context and data 

(Cobb & Moore, 1997; Rossman et al., 2006; Burrill & Biehler, 2011). Therefore, 

mathematics self-concept and statistics self-concept are assumed to be similar, but not 

identical (Dauphinee et al., 1997; González et al., 2016). Likewise, Sproesser et al. (2016) 
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found that mathematics self-concept and statistics self-concept are highly correlated (r=.56). 

On the other hand, an example of non-matching domains is mathematics and English self-

concept; of which Marsh (1992) found a low correlation (r=.30).  

 

 
Figure 1: Multidimensional and hierarchical structure of self-concept (adapted from 

Shavelson et al., 1976). 

 

1.2  An Overview Of The Theoretical Relations Between Achievement and Academic 

Self-Concept 

When broadly considering achievement and academic self-concept, an integrated theoretical 

model on the development of academic self-concept suggests its relations with achievement 

can change across time, social comparison and domains (Marsh et al., 2018). 

 

First, the relations between self-concept and academic achievement across time can be 

explained with three models: skill development, self-enhancement and reciprocal effects 

(Green et al., 2006). While a skill development model postulates that self-concept in a 

specific domain is formed by achievement in that domain, a self-enhancement model 

proposes that academic self-concept is the principal cause of academic achievement (Abu-

Hilal et al., 2013). Calsyn and Kenny (1977) compared both models by using the cross-

lagged panel correlation approach to determine which model is relatively more efficient; their 

findings supported a skill development model over a self-enhancement model. However, 

some (for example, Marsh, 1990a, 1990b) criticised the cross-lagged panel correlation 

approach for being neither methodologically sound nor consistent with academic self-concept 

theory, as both the path from initial achievement to self-concept, and the path from initial 

self-concept to achievement, are significant and positive (Marsh & Köller, 2004). 

Consequently, the reciprocal effects model was supported. According to this model, initial 

achievement influences self-concept, whilst initial self-concept affects subsequent 

achievement (Green et al., 2006). 

 

Moreover, the relations between self-concept and academic achievement can be explored 

with the big-fish-little-pond effect (BFLPE) model. Festinger (1954) proposed that social 

comparisons arise when individuals relate their accomplishments and skills to others. 

Therefore, students might have lower or higher self-concept when they compare themselves 

with more able or less able students, respectively. The BFLPE model assumed that academic 

self-concept is positively correlated with individual student achievement, yet negatively 

correlated with school-average ability (Marsh, 1994). Marsh et al. (2007) found that negative 

BFLPE is steady and extensive, even three years after graduating from academically selective 

high schools. 
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However, Marsh (2006) claimed that neither temporal comparison theory nor social 

comparison theory perfectly explained the domain specificity of academic self-concept. 

Similarly, the Eccles' expectancy-value model suggested that individuals evaluate their own 

capability in a domain by comparing with others’ performances and their own 

accomplishments across domains (Eccles, 2009). This forms dimensional comparison theory 

(DCT), which the internal/external frames of reference model (I/E model) uses as its 

foundation (Möller and Marsh, 2013). According to this model, academic self-concept is 

developed based on two frames of reference: internal and external (Möller et al., 2011). An 

internal reference refers to temporal comparison indicating that students compare their 

accomplishments in one subject with another subject. A contrasting effect occurs if both 

subjects are related, such as mathematics and physics, whereas an assimilation effect appears 

when two subjects are diverse, such as mathematics and English (Parker et al., 2015). An 

external reference corresponds to social comparison implying that students compare their 

accomplishments in a subject with their peers (Marsh, Abduljabbar, Parker, et al., 2015). 

Mash et al. (2018) tested the integration of the reciprocal effects model, I/E model and  

BFLPE model using data collected from 3,370 students at 42 German schools (Grade 4 

through Grade 9); the results of analysis are consistent with these three models. These 

theories are important when considering academic self-concept and academic achievement. 

Despite the importance of these theories, the theoretical framework of this review 

predominantly draws upon Eccles’ expectancy-value model.  
 

1.3  Theoretical Framework 

Wentzel and Wigfield (2009) presented a comprehensive synopsis of theories related to 

motivation. Among these theories, self-determination theory, self-efficacy theory and the 

Eccles' expectancy-value model were found to be associated with individuals’ self-judgments 

of their competencies. First, self-determination theory posits that competence beliefs are a 

basic psychological need, and feeling higher competence increases intrinsic motivation. As 

this theory mainly focuses on the type of motivation rather than the amount (Ryan & Deci, 

2009), it lacks relevance for this review. Second, self-efficacy theory suggests that an 

individual with higher self-efficacy tends to select demanding tasks, whilst devoting greater 

effort and time to accomplish challenging activities. These motivational outcomes result in 

improved understanding and performance (Bandura, 1977). Even though self-efficacy and 

self-concept are beliefs about self-competency, they are distinct constructs: self-efficacy is 

associated with future-related evaluations whereas self-concept is adjusted by past-related 

experiences; hence, self-concept beliefs are more stable than self-efficacy beliefs (Schunk & 

Pajares, 2009). Additionally, self-efficacy items are explanatory while self-concept items are 

explanatory and evaluative. Therefore, frame-of-reference effects influence responses to self-

concept items but not self-efficacy items (Marsh et al., 2019). Such distinguishing 

characteristics of self-concept can be further explained with the Eccles' expectancy-value 

model positing that self-concept embodies a substantial role in individuals’ academic 

selections (Eccles, 1983).  

 

According to the Eccles' expectancy-value model, individuals’ choices related to achievement 

are regulated and facilitated by their expectancy beliefs and subjective task value perceptions 

(Eccles, 1983). More specifically, the expectancy beliefs are largely formed and affected by 

students’ assessments of task difficulty and self-concept of ability (Eccles & Harold, 1991; 

Wigfield & Eccles, 2002; Eccles et al., 2005). In addition, subjective task value perceptions 

correspond to a task’s characteristic which either decreases or increases the probability of an 

individual choosing such task (Eccles, 1983). The characteristic of the task is determined by 

four factors: attainment value, intrinsic value, utility value and perceived cost. Attainment 
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value indicates the personal importance of accomplishing a task whereas intrinsic value 

reveals the personal enjoyment of engaging in a task. Additionally, while utility value refers 

to how the task relates to an individual’s future plans, perceived cost corresponds to what else 

individuals can do, other than the task (Wigfield & Eccles, 2000; Eccles, 2005). 

 

Although Shavelson et al. (1976) asserted that self-evaluation (cognitive competence) cannot 

be separated from self-description (affective), the Eccles' expectancy-value model posited 

that these components can be distinguishable at the domain-specific level (Arens et al., 2016). 

Evidently, based on the Eccles' expectancy-value model, these components belong to 

recognised task value and recognised competence, respectively (Ramirez et al., 2012). 

Similarly, Marsh et al. (1999) recommended that affective and cognitive competence should 

be appraised as two separate components. Kadir et al. (2017) attempted to prove this claim. In 

their study, 275 Singaporean 7th graders were asked to complete a 24-item self-concept 

questionnaire about physics, English and mathematics. It was found that academic self-

concept had two separable components: affective and cognitive competence. Additionally, 

Pinxten et al. (2013) suggested that future self-concept researchers and practitioners can 

achieve noteworthy benefits if self-concept is divided into cognitive beliefs and affect 

components. For example, Kadir et al. (2017) argued that while competence-oriented 

interventions can enhance students’ achievements, affect-focused interventions may improve 

their academic and career ambitions. 

 

In the context of statistics education, Dauphinee et al. (1997) and Hilton et al. (2004) argued 

that although there is a strong relation between the affective (for example, ‘I like statistics’) 

and cognitive competence (for example, ‘I can learn statistics’) components, they are distinct 

regarding their associations with other variables. For instance, in the United States of 

America (USA), Del Vecchio (1994) examined the roles of the affective and cognitive 

competence components according to gender, on completion of an undergraduate 

introductory statistics course. The authors concluded that there was a strong positive relation 

between successful course completion and the cognitive competence component for both 

genders. However, there was a weak correlation between successful course completion and 

the affect component for men, but these were not related for women. In addition, the 

cognitive competence component can be used to measure statistics self-concept, thus 

providing scope for research on the relations between statistics achievement and statistics 

self-concept (Dauphinee et al., 1997). Consequently, self-concept and cognitive competence 

are interchangeably used in this study.  
 

1.4  Study Rationale 

Developing and enhancing a positive academic self-concept is pivotal in education as it can 

promote learning (Marsh, 1990b; Marsh, Abduljabbar, Morin, et al., 2015). In addition to the 

relation between academic self-concept and achievement (Section 1.2), academic self-

concept is significantly related to other motivational constructs. For instance, students’ 

statistics self-concept is positively correlated with their feelings concerning statistics 

(r=.708), attitudes about the difficulty of statistics as a subject (r=.552), and attitudes about 

the usefulness, relevance and worth of statistics in their personal and professional life 

(r=.580) (Dempster & McCorry, 2009). Similarly, Gogol et al. (2017) discovered that there is 

a significant negative correlation between mathematics self-concept and mathematics anxiety 

(ranging from r=-.49 to -.65). Thus, conducting research on how academic self-concept can 

be developed is important. More specifically, there is an additional need to better understand 

data collection tools for domain specific self-concept, rather than general academic self-

concept (Huang, 2011). These data collection tools always include self-report questionnaires 
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(Möller et al., 2009), but sometimes contain other methods such as peer ratings of 

competence (Lösch et al., 2017) and open-ended questions (Wolff et al., 2018). Thus, 

creating domain specific inventories consisting of data collection tools for domain specific 

self-concept and teaching methods aimed at improving domain specific self-concept is 

crucial. These inventories can be explicitly generated by systematic reviews that identify 

widely used data collection tools for self-concept, and compare the impact of different 

interventions on students’ self-concept. 

 

To determine if there was a research gap for systematic reviews concerning statistics self-

concept, a scoping review was performed, as suggested by Torgerson (2003). The scoping 

review found limited resources identifying data collection tools for self-concept. For instance, 

Wylie (1989) created a catalogue of self-concept measures, but it was not domain-specific. 

Additionally, some reviews aimed to explore how self-belief constructs and achievement are 

related. For example, Valentine et al. (2004) conducted a meta-analysis to examine the 

relationship between self-belief constructs and achievement, whilst Huang (2011) performed 

a meta-analysis to explore the association between self-concept and achievement. However, 

neither meta-analyses included conclusions related to statistics self-concept. In addition, 

some reviews focused on identifying self-report questionnaires, which aimed to discover 

students’ attitudes towards statistics or their statistics anxiety (Onwuegbuzie & Wilson, 2003; 

Nolan et al., 2012; Chew & Dillon, 2014), whilst others investigated the relationship between 

students’ attitudes towards statistics and their statistics achievement (Emmioglu & Capa-

Aydin, 2012; Milic et al., 2016). Consequently, conducting a systematic review on statistics 

self-concept is needed to better understand how this variable is measured across studies. To 

fulfil a gap in existing research, this review therefore aimed to identify how university 

students’ statistics self-concept can be measured and developed. 
 

2.  Method 

This systematic review examined data collection methods of, and interventions for 

developing, statistics self-concept.  
 

2.1  Key concepts and search string 

Key concepts were identified as ‘university students’ and ‘statistics self-concept’, based on 

the participants and outcomes components of the PICO framework. In this regard, key 

concepts with their synonyms were determined as student, course, college, university, 

statistics self-concept and cognitive competence. The following search string was therefore 

generated: 

 

Student AND (Course OR College OR University) AND ("Statistics Self-concept" OR 

"Cognitive Competence"). 

 

2.2  Eligibility Criteria 

The following eligibility criteria was implemented in this review: 

a. To ensure inclusivity, studies must be published between 01/01/1970 and 26/03/2019; 

the latter date refers to when the literature was screened. 

b. To ensure all studies are eligible for full-text screening and synthesis, full-text must 

be accessible. 

c. Due to the language profiency of the authors, studies must be written in English.  

d. As a key concept, statistics self-concept must be determined to ensure all eligible 

studies are included and the review accurately syntheses studies accordingly. 

e. As a key concept, participants must be university or college students. 
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f. If statistics self-concept scales are used, the relevant statistical data for statistics self-

concept must be reported, such as Cronbach’s alpha values, to ensure the internal 

consistency of presented scales can be measured.  

g. When interventions are used, both means (M) and standard deviations (SDs) must be 

reported to ensure their effectiveness can be determined. 
 

This review did not exclude studies based on the geographical context or place of 

publication (e.g. peer review or grey literature). 

 

2.3  Resources and collection process 

This systematic review searched education-specific databases (ERIC, PsycINFO, 

PsycARTICLES) and wider academic databases (Web of Science, Scopus). The authors 

acknowledge the literature search was limited to the selected databases. Although there is risk 

of selection bias, the selected databases were chosen for inclusivity and to minimise such bias 

as they refer to a range of education-specific and general indexes where eligible studies may 

be located.  

 

The study identification process began with implementing the above search string in the 

aforementioned databases; this search resulted in a total of 257 entries. These studies were 

imported into Zotero software. After duplicate entries were removed, 217 studies were 

screened by two of the authors at title and abstract. The inter-rater reliability between the 

reviewers was calculated as .898, representing an excellent agreement (Cicchetti, 1994). 

Conflicting decisions were discussed until a consensus was reached. At this stage, 131 studies 

were eliminated by their titles and 51 studies were eliminated by their abstracts (total number 

excluded: 182). Thereafter, 35 studies remained and were examined against the eligibility 

criteria. Full text screening eliminated 14 studies, resulting in 21 studies being included in the 

review (Figure 2). In total, of the 21 studies, three were conference papers (Yang et al., 2014; 

Ghulami et al., 2015; Gopal et al., 2018), one was a dissertation (Zonnefeld, 2016), and 17 

were peer-reviewed journal articles. The included studies were tabulated based on the PICO 

framework (Table 1) and qualitatively synthesised to determine how statistics self-concept 

was measured and enhanced. 
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Figure 2: PRISMA flow diagram (adapted from Moher et al., 2009) 

 

3.  Results and Discussion 

A critical review of the results is presented in two sections: how can statistics self-concept be 

measured (3.1) and how can statistics self-concept be improved (3.2). A summary of the 

eligible studies is provided in Table 1.  

 

3.1  How can Statistics Self-Concept be Measured? 

Findings from the eligible studies illustrated that statistics self-concept is assumed to be a 

component of students’ attitudes towards statistics, which is unanimously measured through 

self-reported questionnaires. This is not surprising as most believe self-concept can only be 

determined by self-report questionnaires (Marsh et al., 2002). Self-report questionnaires have 

some advantages. First, straightforward information can be gathered in a short period with 

comparatively less effort (Denscombe, 2014; DePoy & Gitlin, 2011; Sharp, 2012). Moreover, 

pre-coded answers are easily described and compared through statistical analysis (DePoy & 

Gitlin, 2011). Denscombe (2014) also highlighted the value of online questionnaires and 

revealed that such data can be directly imported into software, therefore removing potential 

coding errors that may occur when transferring data from paper questionnaires. With respect 

to many details, these advantages also bring disadvantages (Denscombe, 2014). For example, 

determining the reliability and validity of questionnaires is not straightforward (Sharp, 2012). 

Accordingly, Rugg and Petre (2006) emphasised the importance of content validity and stated 

that even when replicating a previous study, the suitability of its questionnaire for the new 

context should be verified before use. In addition, the validity of respondents’ answers may 

vary according to question interpretation, as well as a probable gap between their self-

Records after duplicates were removed  

(n= 217) 

Records screened  

(n= 217) 

Records excluded: 

- By title (n= 131) 

- By abstract (n= 51) 

Full-text articles assessed for eligibility  

(n= 35) 

Records excluded because 

- Full-text was not accessible (n= 6) 

- They were not written in English (n= 3) 

- Statistics self-concept was not determined (n= 2) 

- University or college students did not participate 

(n= 0) 

- The statistical data for statistics self-concept 

were not reported (n= 3) 

 

Studies included in qualitative synthesis 

(n= 21) 

Education-specific databases 

ERIC
(n= 27)

PsycINFO
(n= 18)

PsycARTICLES
(n= 114)

Wider scope databases 

Web of Science
(n= 40)

Scopus
(n= 58)
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perception and actual ability. Such limitations may consequently make the interpretation of 

data problematic (Denscombe, 2014; DePoy & Gitlin, 2011). The benefits and limitations of 

self-report questionnaires should therefore be considered when used to identify students’ 

statistics self-concept.  

 

In relation to above, two versions of the Survey of Attitudes towards Statistics are commonly 

used questionnaires for measuring and determining statistics self-concept (Figure 3). Schau et 

al. (1995) indicated that the Survey of Attitudes toward Statistics - 28 (SATS-28) consists of 

the following subscales: affect (6 items; Cronbach’s alpha=.81-.85), cognitive competence (6 

items; Cronbach’s alpha=.81-.85), value (9 items; Cronbach’s alpha=.81-.85) and difficulty 

(7 items; Cronbach’s alpha=.81-.85). Dauphinee et al. (1997) compared this four-factor 

structure of the SATS-28 with the one-factor, and three-factor, structure models. The one-

factor and three-factor structure models reflected a high correlation between affect and 

cognitive competence subscales. The authors determined that the four-factor structure of the 

SATS-28 demonstrated a better fit compared to the other structures. Subsequently, the SATS-

28 was modified relying on the Eccles' expectancy-value model, and the Survey of Attitudes 

toward Statistics - 36 (SATS-36) was created by adding two subscales to the SATS-28. These 

subscales were: interest (4 items; Cronbach’s alpha=.80-.84) and effort (4 items; Cronbach’s 

alpha=.76-.81) (Emmioglu & Capa-Aydin, 2012). VanHoof et al. (2011) made a comparison 

of the six-factor structure of the SATS-36, with the four-factor structure of the SATS-36, 

which merged the affect, cognitive competence and difficulty subscales. They found that the 

former structure showed a slightly better fit than the latter and advised using the six-factor 

structure of the SATS-36 as it allowed for comparisons with previous studies. In addition, 

Wang et al. (2018) demonstrated the divergent and convergent validity of the SATS-36 in 

American and Chinese samples. However, Anastasiadou (2011) claimed statistics attitude 

scales should also assess students’ attitudes towards learning statistics with technology, as it 

is often used in teaching statistics, from computing numbers to comprehending concepts 

(Garfield et al., 2001; Chance et al., 2007; Yang et al., 2014). Consequently, it is 

recommended the SATS-36 is revised to include a subscale aiming to measure students’ 

attitudes of learning statistics with technology. 

 

Although data collection tools such as the Survey of Attitudes towards Statistics (28/36) are 

available for measuring and determining statistics self-concept, there are a limited number of 

questionnaires for examining statistics self-concept and attitudes towards computer 

usefulness in learning statistics. One example is the Attitudes toward Statistics and 

Technology Scale (SASTc), of which Anastasiadou (2011) aimed to determine its reliability 

and validity. To this end, 123 Greek university students were asked to complete the scale. 

Anastasiadou (2011) found that the overall Cronbach’s alpha for the SASTc scale was .908. 

In addition, a factor analysis illustrated that the SASTc scale comprises five subscales: 

statistics cognitive competence (6 items; Cronbach’s alpha=.901), technology cognitive 

competence (4 items; Cronbach’s alpha=.82), learning statistics with technology (6 items; 

Cronbach’s alpha=.735), value (6 items; Cronbach’s alpha=.856) and affect (7 items; 

Cronbach’s alpha=.879). These factors also showed a good fit of the data. Thus, it was 

concluded that the SASTc scale was reliable. However, the content validity of this scale is 

arguable. Schau (2003) claimed that statistics attitude scales should not have less than four 

dimensions: affect, cognitive competence, value and difficulty, but the SASTc scale does not 

include any items related to difficulties which students face while studying statistics.    
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Figure 3: Identified data collection tools for determining statistics self-concept in eligible 

studies. 

 

Briefly, it can be argued that the three outlined self-reported questionnaires are reliable 

measures as Cronbach’s alpha values for their subscales are greater than, or close to .7 

(Cohen et al., 2013). On the one hand, according to the Eccles' expectancy-value model, the 

SATS-36 is the best among these three questionnaires for measuring statistics self-concept 

and students’ attitudes towards statistics, but it does not have items regarding students’ 

perceptions of computer usefulness and their experiences of using computers while learning 

statistics. Hence, in studies aiming to improve students’ statistical self-concept through 

computer based interventions, the SATS-36 should be used with an additional subscale that 

assesses computer usefulness and experience in learning statistics (for example, see Figure 4). 

Moreover, it should be acknowledged that variation of Cronbach’s alpha values reported in 

studies may reflect differences in context, sample and item interpretation. This highlights the 

importance of considering such factors when interpreting the presented results as they may 

influence reported outcomes. 

 

 
Figure 4: Attitudes towards statistics based on the Eccles' expectancy-value model and 

recent innovations in statistics education. 

 

3.2  How can Statistics Self-Concept be Improved? 

Seven of the 21 studies explored the influences of different teaching approaches on statistics 

self-concept. The number of participants in these studies ranged from 24 to 2,200, and were 

conducted in various countries including: the USA (Carlson & Winquist, 2011; Schau & 

Emmioǧlu, 2012; Gundlach et al., 2015; Zonnefeld, 2016), South Africa (van Appel and 

Durandt, 2018), Greece (Kiekkas et al., 2015), Bosnia and Herzegovina (Milic, Masic, et al., 

1

7

13

Attitudes toward Statistics and Technology Scale

The Survey of Attitudes Toward Statistics - 28

The Survey of Attitudes Toward Statistics - 36
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2016), Serbia and Kosovo (Milic, Masic, et al., 2016). While the estimated average age of 

participants was between 21 and 22, most participants were female. Additionally, the 

teaching methods in these studies varied and included: lecturer centred lectures, gamified 

modules, computer assisted lectures, blended learning approach, courses based on mutual 

respect, active learning approach, web augmented approach and incremental mindset training 

(Table 1).  

 

Instructors in lecturer centred lectures delivered lessons to students in the classroom, whereas 

instructors in computer assisted lectures presented lessons to students but also asked them to 

interact with supplementary digital teaching materials, online instruction and/or homework 

(Schau & Emmioǧlu, 2012; Yang et al., 2014). In the gamified modules, games consisted of 

empirically proven taxonomy components aiming to enhance students’ attitudes towards the 

tasks. In gamified modules, students were asked to complete a fictional scenario with explicit 

aims and guidelines (Smith, 2017). In addition, courses in the blended learning approach 

consisted of classroom meetings and course websites. While instructors answered students’ 

questions and led discussions in classroom settings, students had access to multimedia course 

materials, websites and communication tools such as a web forum and email (Milic, Masic, et 

al., 2016; Milic, Trajkovic, et al., 2016). Moreover, learning settings relying on mutual 

respect aimed to provide effective interaction and communication between instructors and 

students (Kiekkas et al., 2015). Active learning approaches explored concepts and put 

particular questions to students to explore the extent to which they comprehended such 

concepts (Carlson & Winquist, 2011). Furthermore, in the web augmented approach, the lead 

instructor presented course content in a lecture hall twice weekly, and students interacted 

with the content using classroom response system questions. A teaching assistant also 

delivered weekly recitations and provided students with quizzes. Students could also access 

online lectures (Gundlach et al., 2015). Students in the incremental mindset training were 

provided with information about mindsets, the physiology of the brain, reaction to negative 

feedback, goals, and the role of effort. These pieces of information were delivered with a 

short video, article, presentation or activity, introducing these concepts in incremental theory. 

Students were expected to personalize the newly provided information in consolidation 

activities via a small group discussion or an individual writing task. Moreover, students were 

shown how they could successfully use online material and tutoring (Zonnefeld, 2016). 

Finally, mainstream and service courses included contextual applications and interpretations, 

with students in mainstream courses being delivered a more vigorous theoretical background 

(van Appel & Durandt, 2018).  

 

Of importance to this review, effect sizes for independent samples corresponded to the ratio 

of mean differences to pooled standard deviation (Cohen, 1988). This formula was adapted 

for dependent samples if the t-value, effect size or the correlation between pre-test and post-

test was not provided in any study (Morris & DeShon, 2002). Subsequently, the ratio of the 

effect size to pooled standard deviation for each study was computed to indicate how a 

teaching approach, on average, increased students’ statistics self-concept. These studies are 

classified by their methodologies in the following subsections. 

 

3.2.1  Pre-Test and Post-Test Only Design 
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Schau and Emmioǧlu (2012) examined how introductory statistics service courses1, taught in 

mathematics/statistics departments in higher education institutions across the USA, changed 

students’ attitudes towards statistics. A total of approximately 2,200 students in 101 sections2 

were included in the study, with 92% of these sections consisting of between 10 and 50 

students. Participating students were asked to complete the SATS–36 before and after their 

course to determine changes in their statistics attitudes. The instructors in participating 

institutions indicated that while the majority chose lecturer centred lectures, a few used 

computer assisted lectures. Due to various teaching methods, changes in students’ self-

concept were examined at the section and individual level. The section-level analysis 

illustrated that students’ self-concept was not significantly changed as differences between 

pre- and post-tests fell within range of -0.5 and +0.5. On the other hand, when students were 

the units of analysis, introductory statistics classes slightly improved students’ statistics self-

concept (Mchange=.10, SDpooled=1.10, p<.05). Cohen's d was computed as 0.08, which suggests 

a slight effect. The results indicate that conducting research that aims to determine the effect 

of various teaching methods on statistics self-concept is reasonable.  
 

Correspondingly, Smith (2017) examined the impact of gamified modules on students’ 

attitudes towards statistics, including statistics self-concept. Twenty-four undergraduate 

students were asked to carry out the SATS–36 before and after practicing three gamified 

modules. The comparison of pre-test and post-test results indicated that there was an increase 

of .35 in students’ statistics self-concept, but this was not statistically significant (t(23)=-1.85, 

p>.05). The small sample size of the study may have been insufficient to test the teaching 

approach of gamified modules. The lower statistical power of the analysis due to the small 

sample size may subsequently explain the presented null effect. Moreover, Kiekkas et al. 

(2015) designed a biostatistics course in the Technological Educational Institute of 

Southwestern Greece, which relied on mutual respect. In this course, the lecturer used 

PowerPoint presentations, visual aids, clinical scenarios and examples. Students were also 

given opportunities to work with real clinical and research data. To discover the impact of 

this course on students’ attitudes towards statistics, 156 university students were requested to 

perform the SATS–36 before and after their course. When students’ responses to pre-tests 

were compared to their post-test responses, it was found students’ statistics self-concept was 

significantly enhanced (Mchange=.29 SDpre=1.25, SDpost=1.09, p<.05)3. Cohen's d was 

calculated as .25, suggesting a small to medium effect. 

 

Similarly, Milic, Masic et al. (2016) conducted a multi-site study with 461 third year medical 

students enrolled in three universities (University of Belgrade, University of Sarajevo and 

University of Pristina) to determine changes in their attitudes towards statistics. The 

introductory statistics course was mandatory in the participating institutions and was 

delivered through lecturer centred lectures or a blended learning approach. Milic, Trajkovic, 

et al. (2016) reported similarities and differences between these approaches. Lecturer centred 

lectures often involve three hours of lectures delivered with PowerPoint presentations, 

whereas the blended learning include an hour of classroom meeting and online learning 

materials on the course website. Additionally, while the course materials of the lecturer 

centred lectures consisted of textbooks, notes, homework, classroom activities and quizzes, 

                                                 

 
1 Introductory statistics courses with no mathematics prerequisite or with an algebra prerequisite taught in a 

mathematics/statistics department (Schau and Emmioǧlu, 2012). 
2 Sections refer to students, instructors, instructional approaches, content, and the physical locations students 

and instructors meet (Schau and Emmioǧlu, 2012). 
3 These values were computed based on the formula provided by Wan et al. (2014). 
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those of the blended learning course contained multimedia and web browsing instead of 

textbooks and notes. In addition, students in the lecturer centred lectures interacted with their 

lecturers through classroom discussions, questions and consultation, but those in the blended 

learning course could also use web announcements and forums to communicate. The 

interaction among students in the lecturer centred lectures existed during group work, 

classroom discussions and projects. In addition to these methods, student interactions in the 

blended learning course was supported with web forum and email. While the students in the 

study conducted by Milic, Masic et al., (2016) performed the Serbian version of SATS-36 

before completing a mandatory introductory courses in biostatistics, a random sample of 90 

students from one institutions completed this survey after the course. A comparison of 

students’ pre- and post-test responses revealed their statistics self-concept significantly 

increased (Mchange=.48, SDpaired=.95, t(89)=4.821, p<.05). Cohen's d was calculated as .51, 

reflecting a medium to large effect. Nevertheless, changes in students’ statistics self-concept 

may be due to either the lecturer centred lectures, the blended learning approach, or both.   

 

Likewise, Yang et al. (2014) tested students’ attitudes towards statistics according to the 

effectiveness of computer assisted lectures with complimentary digital teaching materials. 

The materials were designed relying on teaching needs to simulate statistical concepts, their 

process and real life events such as: computing InterQuartile Range, drawing boxplots and 

rolling two dices. Students were asked to complete SATS-36 before and after the course. The 

comparison of students’ responses at pre- and post-test indicated that their statistics self-

concept significantly improved (Mchange=.544, SDpre=.80, SDpost=.77, p<.05). Cohen's d was 

computed as 0.69, indicating a medium to large effect. 

 

However, van Appel and Durandt (2018) identified the effect of service and mainstream 

courses on students’ attitudes towards statistics in the South African context. Both courses 

had similar outlines and were delivered by experienced lecturers. While both courses focused 

on contextual applications and interpretations, students in mainstream courses were provided 

a more vigorous theoretical background than those in service courses. Two paired two-

sample Wilcoxon Signed Rank tests were performed to calculate the effect of service and 

mainstream courses on students’ self-concept. It was found that students’ self-concept in both 

courses significantly increased (for mainstream: Mchange=-.3, SDpre=.7, SDpost=.8, Z=-2.458, 

p<.05; for service: Mchange=-.4, SDpre=.9, SDpost=1.0, Z=-4.328, p<.05). In this study, post-test 

scores of two courses were also compared, but this comparison had some methodological 

issues; there were statistically significant differences between students at the beginning of 

both courses, and the result of this comparison was in line with the gender composition of 

groups. 

 

Although Kiekkas et al. (2015), Milic, Masic et al. (2016) and Yang et al. (2014) reported 

that students’ statistics self-concept can be developed with different teaching approaches, 

they did not employ a control group in their respective studies. If a control group was 

included in their studies, their findings would be more rigorous (Gorard, 2001, 2003; 

Neuman, 2002; DePoy & Gitlin, 2011), as lecturer centred lectures might also increase 

students’ statistics self-concept. Occasionally, however, having a control group may not be 

possible. In this case, a comparison group might be included to increase the strength of 

studies (Sullivan, 2011). Eligible studies using a comparison or control group in analysis are 

explored in the next section. 

 

3.2.2  Pre-Test and Post-Test with a Comparison or Control Group  
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To improve the robustness and accuracy of research findings and conclusions, studies can 

have a comparison or control group. One method of conducting research with a comparison 

group is to compare one’s own findings with secondary data. For example, in the USA, 

Carlson and Winquist (2011) aimed to determine the impact of a classroom workbook, based 

on an active learning approach relating to students’ attitudes towards statistics. They 

presumed that active learning approaches should involve the explanation of concepts and 

asking questions to students to determine their understanding. In their study, before coming 

to class, students were instructed to read a five page document which aimed to introduce the 

topic through conceptual explanations, a computational problem with its solution, and 

summary instructions on interpreting the analytical results. After reviewing these documents, 

students were asked to solve a simple computational problem and submit their solutions to an 

online course management system for feedback. Students were given time to revise their 

solutions and explanations based on the feedback. During in-class meetings, the lecturer 

outlined and responded to questions regarding the homework, and presented the task for that 

day. The duration of this lecture was 15-20 minutes of the 75 minute in-class meeting, which 

was held twice weekly. In their study, 59 students participating in the four sections of a 

college level introductory statistics course completed the SATS-36 on the first and last day of 

the course. Their responses were compared to a comparison group whose data were taken 

from Schau through personal communication on June 27, 2010. The authors found that a 

classroom workbook approach significantly increased students’ statistics self-concept 

(Mpost=5.76, SDpost=1.13 for experimental, Mpost=4.93, SDpost=1.15 for norms, z-score=-5.04, 

p<.05). Cohen's d was computed as .45, suggesting a small to medium effect. However, this 

study had some methodological limitations. First, teaching approaches used in the 

comparison group were not known; they could be an active learning approach or lecturer 

centred lectures. Additionally, differences in curriculum in the experimental and comparison 

groups might adversely influence the results. Hence, the impact of educational activities on 

students’ statistics self-concept should be tested with research designs that have equivalent 

control groups.   
 

Accordingly, Zonnefeld (2016) employed a pre-test - post-test control group design to detect 

the impact of incremental mindset training on students’ attitudes towards statistics in an 

American college. The SATS-36 was completed as the pre-test and post-test by 30 students in 

the treatment group and 111 students in the control group. There was no randomisation at the 

individual or group level. Students in the treatment group received incremental mindset 

training once every three weeks, in four 15 minute sessions. In this training, students were 

informed about mindsets, the physiology of the brain, responses to feedback, goals, and the 

role of effort. These were provided with a short video, article, presentation or activity that 

aimed to present these topics in incremental theory. In addition, consolidation activities, 

which consisted of a small group discussion and an individual writing task, aimed to assist 

students in personalising the newly gained knowledge. Additionally, techniques for mastering 

statistics such as online material and tutoring were introduced. Students in the control group 

were not presented any training. The students’ responses to the SATS-36 were analysed with 

ANCOVA. When pre-test scores were controlled, it was evident there was no statistically 

significant difference between the treatment group and the control group, in terms of 

students’ statistics self-concept (Mtreatment=4.894, SDtreatment=.522,  Mcontrol=5.868, 

SDcontrol=1.039, F(1, 138) = 14.778, p>.05).  

 

Furthermore, Gundlach et al. (2015) examined the effects of traditional web augmented, 

online, and flipped teaching approaches, on students’ attitudes towards statistics in an 

American college. Students in all sections were asked to use Perdisco Online Homework 



 

 

14 

system, StatsPortal Learning Curve and an online discussion board. There were 333 students 

enrolled in the traditional section. In this section, course content was delivered by the lead 

instructor in a lecture hall twice weekly, within which students engaged using classroom 

response system questions. Weekly recitations were provided by a teaching assistant and 

students were given quizzes. Additionally, online lectures were available. On the other hand, 

74 students participated in the online section. This section consisted of online lectures and 

surveys on the course website aiming to gather students’ perceptions concerning the course 

but there were no quizzes. In the flipped section, there were 56 students who were to watch 

online lectures before class. Once a week, they had an onsite class involving active learning, 

group work and quizzes. In total, 261 students (193 traditional, 43 online and 25 flipped) 

completed the SATS-36 before and after the course to determine changes in their attitudes 

toward statistics due to these sections. A statistically significant interaction between time and 

section was investigated (F(2, 255)=6.46, p<.05, η2
partial=.048). Follow-up tests indicated that 

only web augmented traditional section significantly improved students’ statistics self-

concept (Mchange=.56, SDpre=.98, SDpost=.90, t(192)=7.32, p<.05). Cohen's d was calculated as 

0.75, showing a medium to large effect. 

 

Nonetheless, the results of these studies are subject to selection bias and ascertainment bias. 

These types of biases can be minimized with random allocation and blinding (Connolly et al., 

2017). Randomisation of participants can eliminate the impact of predominant factors related 

to the outcome before the implementation of interventions (Torgerson & Torgerson, 2008). 

On the other hand, in the case that participants are aware of their group assignment, it may 

affect their motivation to learn. Such knowledge might also influence their answers in 

subjective outcome measures such as questionnaires (Karanicolas et al., 2010; Sullivan, 

2011). Hence, the causal mechanism is debatable in studies using a pre-test and post-test with 

a comparison or control group design.  

 

3.3  Summary  

The above section examined the impact of different teaching methods on improving students' 

statistics self-concept. The reported effect sizes (Cohen’s d) of the eligible studies ranged 

from small to large, highlighting variation in the impact of teaching methods on students’ 

statistics self-concept and outcomes. Schau and Emmioǧlu (2012) reported that for existing 

teaching methods in introductory statistics courses across the USA, where only a few 

instructors provided online homework and/or lectures beside lecturer centred lectures, 

Cohen’s d was .08. This suggests that existing teaching methods have a slight influence. 

Moreover, Kiekkas et al. (2015) reported that the effect size for a biostatistics course based 

on mutual respect, had a low to medium impact in the Nursing Department of the 

Techological Educational Institute of Southwestern Greece (d=.21). On the other hand, in the 

USA, Carlson and Winquist (2011) found that an active learning approach had a relatively 

higher effect (d=.45). Furthermore, Milic, Masic et al. (2016) obtained data from university 

students receiving introductory courses in biostatistics through lecturer centred lectures with 

PowerPoint presentations or blended learning in three universities (Belgrade, Sarajevo and 

Pristina). The authors found these courses had a noteworthy practical influence (d=.51), 

whilst Yang et al. (2014) found that the effect size (Cohen’s d) for digital teaching materials 

was greater at .69. Finally, Gundlach et al. (2015) examined the influence of a web 

augmented learning approach and reported a large effect in the USA (d=.75). Overall, these 

studies employed distinct teaching methods but reflected problematic research designs. As a 

result, the quantitative analysis of these studies was not possible. Instead, Figure 5 illustrates 

the computed effects (Cohen’s d) of different teaching methods from the eligible studies 

presented in this section.   
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Figure 5: The impact of seven teaching approaches on students’ statistics self-concept, as 

outlined in eligible studies (Section 3.3). 
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Table 1: A summary of findings from included studies 

Author Participant Intervention Comparison Outcome 

The name of subscale (the number of 

items): Cronbach’s alpha 

Anastasiadou, 2011 

123 Greek students 

studying at the 

Department of Pre-School 

Education at the Western 

Macedonia University, 

Greece. 

N/A N/A 

Attitudes toward Statistics and Technology 

Scale 

Overall (28): .908 

 

Components: 

Statistics cognitive competence (6): .901 

Technology cognitive competence (4): .82 

Attitudes to learning statistics with 

technology (6): .735 

Value (6): .856 

Affect (6): .879 

Carlson & Winquist, 

2011 

59 students participated in 

in four sections of a 

college level introductory 

statistics course.  

By major: 15 in Nursing, 

11 in Psychology, 11 in 

Sociology/Social Work, 6 

in Pre-Med, 5 in Biology, 

3 in Physical Education, 2 

in Chemistry, 2 in 

Arts/Humanities, 1 in 

Education, 3 did not have 

a major. 

Age- mean:21.3 SD:5.4 

Location: USA.  

A classroom 

workbook designed 

on an active 

learning approach. 

Pre & Post SATS. 

There is a control 

group, yet its data 

are from another 

study. 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

Affect (6): pre: .88 – post: .87 

Cognitive competence (6): pre: .93, post: 

.86 

Value (9): pre: .85 – post: .58 

Difficulty (7): pre: .91 – post: .81 

Interest (4): pre: .89 – post: .84 

Effort (4): pre: .83 – post: .71 

 

Findings related to statistics self-concept: 

Mpost=5.76, SDpost=1.13 for experimental, 

Mpost=4.93, SDpost=1.15 for norms, 

z-score=-5.04, p<.05, dcohen=.451 
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Dempster & McCorry, 

2009 

Pre-test: 154/162 first 

year undergraduate 

Psychology students.  

Post-test: 103/125 first 

year undergraduate 

Psychology students. 

Matched: 82 first year 

undergraduate 

Psychology students. 

Location: not stated but 

likely to be UK. 

N/A 
Pre & Post SATS. 

No control group. 

The Survey of Attitudes Toward Statistics 

– 28 

Overall (28): N/A 

 

Components: 

Affect (6): .81 

Cognitive competence (6): .85 

Value (9): .81 

Difficulty (7): .75 

 

Findings related to statistics self-concept: 

Mchange=-.96, SDpre=6.49, SDpost=6.31, 

p>.05 

For matched: t(81)=.945, p>.05 (Means 

and SDs were not provided) 

Emmioglu & Capa-

Aydin, 2012 

Meta-analysis (17 

studies). 
N/A Meta-analysis 

The Survey of Attitudes Toward Statistics 

– 28 

Overall (28): N/A 

 

Components including SATS-36: 

Affect (6): .80 - .85 

Cognitive competence (6): .77 - .82 

Value (9): .78 - .90 

Difficulty (7): .64 - .75 

Interest (4): .80 - .84 

Effort (4): .76 - .81 
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Emmioglu-Sarikaya et 

al., 2018 

347 university students 

 

Female (59%) 

 

Economics  (n=108) 

Engineering  (n=70) 

Education  

(n=69) 

Psychology (n=44) 

Business administration 

(n=31) 

Applied mathematics 

(n=23) 

 

Location: Turkey 

N/A N/A 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

Affect (6): .85 

Cognitive competence (6): .82 

Value (9): .85 

Difficulty (7): .69 

Interest (4): .90 

Effort (4): .81 

 

Findings related to statistics self-concept: 

For male: M=5.43, SD=.99 

For female: M=5.25, SD=1.17 

Ghulami et al., 2015 

718 engineering students 

enrolled in applied 

statistics course, 

Malayasia. 

N/A N/A 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (37): .893 

 

Components: 

Affect (6): .706 

Cognitive competence (6): .770 

Value (9): .840 

Difficulty (7): .516 

Interest (5): .879 

Effort (4): .892 
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Gopal et al., 2018 

293 first-year students. 

 

44 males (15%) and 249 

females (65%). 

 

Malay (73.7%),  Chinese  

(20.5%), Indian (3.4%) 

and other ethnics (2.4%). 

 

Faculty of Human  

Ecology (46.4%).  

Faculty of Economics & 

Management (19.5%). 

Faculty of Environmental 

Studies (14%). 

Faculty of Food Science 

& Technology (13%). 

Faculty of Educational 

Studies (4.4%).  

Faculty of  

Biotechnology & 

Biomolecular Sciences 

(1.4%).   

Faculty of Forestry 

(0.7%).   

Faculty of Agriculture 

(0.3%). 

 

Location: Malayasia. 

N/A N/A 

The Survey of Attitudes Toward Statistics 

– 28 

Overall (28): .80 

 

Components: 

Affect (6):  

Cognitive competence (6):  

Value (9):  

Difficulty (7):  

 

Findings related to statistics self-concept: 

r self-concept engagement= .55 
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Gundlach et al., 2015 

261 of 462 students who 

enrolled in an 

introductory statistical 

literacy course completed 

the SATS. 

 

Traditional: 193 

undergraduate students. 

Online: 43 undergraduate 

students. 

Flipped: 25 undergraduate 

students. 

 

Location: USA.  

Three different 

approaches: web-

augmented 

traditional, fully 

online and flipped 

sections. 

Pre & Post SATS. 

The control group 

is the web-

augmented 

traditional group. 

 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

Affect (6): .74 - .93 

Cognitive competence (6): .74 - .93 

Value (9): .74 - .93 

Difficulty (7): .74 - .93 

Interest (4): .74 - .93 

Effort (4): .74 - .93 

 

Findings related to statistics self-concept: 

Mchange=.56, SDpre=.98, SDpost=.90, 

t(192)=7.32, p<.05, dcohen=.75 (the web-

augmented traditional group) 

Hood et al., 2012 

149 second year 

university students 

enrolled in a Psychology 

statistics course.  

 

Location: Australia. 

N/A N/A 

The Survey of Attitudes Toward Statistics 

– 28 

Overall (28): N/A 

 

Components: 

Affect (6): .85 

Cognitive competence (6): .88 

Value (9): .86 

Difficulty (7): .78 
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Kiekkas et al., 2015 

156 students studying in 

the Nursing Department 

of the Technological 

Educational Institute of 

Southwestern Greece. 

 

141 female & 15 male. 

Median age: 21 years. 

Age ranged from 19-29 

years. 

 

The SATS was 

administrated before and 

after the biostatistics 

course. 

 

 

A biostatistics 

course that relied on 

mutual respect, 

allowing teacher 

and students to 

interact and 

communicate 

effectively. In this 

course, while the 

lecturer used 

PowerPoint 

presentations, 

visual aids, clinical 

scenarios and 

examples; students 

were given 

opportunities to 

work with real 

clinical and 

research data. 

Pre & Post SATS. 

No control group. 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): pre: .916 – post: .829 

 

Components: 

Affect (6): pre: .682 - .796 – post: .681 - 

.807 

Cognitive competence (6): pre: .682 - .796 

– post: .681 - .807 

Value (9): pre: .682 - .796 – post: .681 - 

.807 

Difficulty (7): pre: .682 - .796 – post: .681 

- .807 

Interest (4): pre: .682 - .796 – post: .681 - 

.807 

Effort (4): pre: .682 - .796 – post: .681 - 

.807 

 

Findings related to statistics self-concept: 

Mchange=.29 SDpre=1.25, SDpost=1.09, 

p<.05, dcohen=.247 
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Milic, Masic, et al., 

2016 

461 medical students. 

 

By university: 

336 from the Faculty of 

Medicine, University of 

Belgrade. 

56 from the Faculty of 

Medicine, University of 

Sarajevo, Foca. 

69 from the Faculty of 

Medicine, University of 

Pristina, Kosovska 

Mitrovica. 

 

Age: 21.24+.94 

 

Statistics achievement: 

87.64+8.89 

Blended learning 

model 

or 

lecturer centred 

lectures. 

Pre & Post SATS. 

No control group. 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): pre: .87 – post: .77 

 

Components: 

Affect (6): N/A 

Cognitive competence (6): N/A 

Value (9): N/A 

Difficulty (7): N/A 

Interest (4): N/A 

Effort (4): N/A 

 

Findings related to statistics self-concept: 

Mchange=.48, SDpaired=.95, t(89)=4.821, 

p<.05, dcohen=.505 
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Schau & Emmioǧlu, 

2012 

Around 2,200 students 

studying at 101 higher 

education institutions in 

the United States of 

America completing an 

introductory statistics 

services course in a 

mathematics/statistics 

department. 

The instructors in 

participating 

institutions 

indicated that while 

the majority chose 

lecturer centred 

lectures, a few used 

computer assisted 

lectures with 

supplementary 

online instruction 

and/or homework. 

Pre & Post SATS. 

No control group. 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36):  

 

Components: 

Affect (6): pre: .81 – post: .85 

Cognitive competence (6): pre: .84 – post: 

.86 

Value (9): pre: .87 – post: .90 

Difficulty (7): pre: .76 – post: .86 

Interest (4): pre: .89 – post: .91 

Effort (4): pre: .81 – post: .77 

 

Findings related to statistics self-concept: 

Mchange=0.10, SDpaired=1.06, 

t(2191)=4.417, p<.05, dcohen=-0.085 

Schau et al., 1995 

1,403 students enrolled in 

statistics courses in 

University of New 

Mexico and University of 

South Dakota.  

N/A N/A 

The Survey of Attitudes Toward Statistics 

– 28 

Overall (28): N/A 

 

Components: 

Affect (6): .81 - .85 

Cognitive competence (6): .77 - .83 

Value (9): .80 - .85 

Difficulty (7): .64 - .77 
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Smith, 2017 

Experimental group: 

24 undergraduate 

students. 

 

Female  (87.5%). 

 

Caucasian (54.2%) 

African American/Black 

(37.5%) 

 

Study Year: 

Second-year (25.0%). 

Third-year (20.8%). 

Fourth-year (54.2%). 

  

Location: not stated but 

likely USA.   

 

 

Pre & Post SATS-

36. 

 

Within 

comparisons: 

Pre vs. Post SATS-

36. 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

Affect (6): N/A 

Cognitive competence (6): N/A 

Value (9): N/A 

Difficulty (7): .51 

Interest (4): N/A 

Effort (4): N/A 

 

Findings related to statistics self-concept: 

Within comparisons: 

Mpre=4.19 [3.66, 4.71], Mpost=4.54 [4.10, 

4.99], 

t(23)=-1.85, p=.077, dcohen=.37 

Stanisavljevic et al., 

2014 

417 medical students 

enrolled in an 

introductory statistics 

course in University of 

Belgrade. 

N/A N/A 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): .90 

 

Components: 

Affect (6): .60 

Cognitive competence (6): .75 

Value (9): .83 

Difficulty (7): .57 

Interest (4): .88 

Effort (4): .67 
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Tempelaar, van der 

Loeff et al., 2011 

972 undergraduate 

students in Business 

Statistics. 

368 undergraduate 

students in Business 

Strategy. 

372 undergraduate 

students in Finance & 

Accounting. 

291 undergraduate 

students in Marketing 

Management. 

304 undergraduate 

students in Organization 

& HRM. 

 

Location: Netherlands. 

N/A N/A 

The Survey of Attitudes Toward Statistics 

– 28 

Overall (28): N/A 

 

Components: 

Affect (6): .75 - .88 

Cognitive competence (6): .72 - .84 

Value (9): .78 - .88 

Difficulty (7): .67 - .77 
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van Appel & Durandt, 

2018 

Pretest: 

600 undergraduate 

statistics students. 

Faculty of Science (130 

first-year; 39 female, 91 

male, N = 169). 

Faculty of Engineering 

(196 third-year; 42 

female, 154 male, N = 

267). 

Faculty of  

Management (274 first-

year students; 155 female, 

119 male, N = 483). 

 

Post-test: 

Faculty of Science (80 

first-year; 26 female, 54 

male, N = 132). 

Faculty of Management 

(282 first-year; 156 

female, 126 male, N = 

400). 

 

Location: South Africa. 

Both courses have 

similar outlines and 

were delivered by 

experienced 

lecturers. While 

both courses focus 

on contextual 

applications and 

interpretations, 

students in 

mainstream courses 

were provided a 

more vigorous 

theoretical 

background than 

those in service 

courses. 

Pre & Post SATS-

36. 

 

Between 

comparisons: 

Service vs. 

mainstream 

courses; 

male vs. female. 

 

Within 

comparisons: 

For Service 

courses: 

Pre vs. Post SATS-

36. 

For mainstream 

courses: 

Pre vs. Post SATS-

36. 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

For science: 

Affect (6): pre: .8 post: .9 

Cognitive competence (6): pre: .6 post: .7 

Value (9): pre: .7 post: .8 

Difficulty (7): pre: .5 post: .5 

Interest (4): pre: .8 post: .8 

Effort (4): pre: .8 post: .8 

 

For management: 

Affect (6): pre: .8 post: .9 

Cognitive competence (6): pre: .8 post: .8 

Value (9): pre: .8 post: .9 

Difficulty (7): pre: .6 post: .5 

Interest (4): pre: .9 post: .9 

Effort (4): pre: .7 post: .7 

 

Findings related to statistics self-concept: 

Posttest comparison based on course:  

Mmainstream=5.8, 

SDmainstream=.8, 

Mservice=4.8, 

SDservice=1.0,  

U=6070, p<.05 

Post-test comparison based on gender:  

U=1459, p>.05 

Within comparison for mainstream 

courses: 
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Z=-2.458, p<.05, dz=.99 

Within comparison for service courses: 

Z=-4.328, p<.05, dz=.99 

VanHoof et al., 2011 

514 undergraduate 

students enrolling in 

introductory statistics 

course in the Katholieke 

Universiteit Leuven. 

N/A 

In this study, the 

four-factor 

structure of SATS 

were compared 

with its six-factor 

structure. The latter 

one was 

recommended to 

use in studies.  

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

Affect (6): N/A 

Cognitive competence (6): N/A 

Value (9): N/A 

Difficulty (7): N/A 

Interest (4): N/A 

Effort (4): N/A 

Yang et al., 2014 No details provided. 
Digital teaching 

materials. 

Pre & Post SATS. 

No control group. 

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

Affect (6): .75 - .89 

Cognitive competence (6): .75 - .89 

Value (9): .75 - .89 

Difficulty (7): .75 - .89 

Interest (4): .75 - .89 

Effort (4): .75 - .89 

 

Findings related to statistics self-concept: 

Mchange=.544, SDpre=.80, SDpost=.77, 

t(?)=6.008, p<.05, dcohen=-0.693 
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Zimprich, 2012 
346 Swiss Psychology 

students 
N/A N/A 

The Survey of Attitudes Toward Statistics 

– 28 

Overall (28): N/A 

 

Components: 

Affect (6): .84 

Cognitive competence (6): .81 

Value (9): .84 

Difficulty (7): .75 

Zonnefeld, 2016 

547 undergraduate 

students. 

 

Location: USA 

Incremental 

mindset training.  

Pre & Post SATS. 

There was a control 

group but 

participants were 

not randomly 

allocated and the 

control group was 

not randomly 

assigned.  

The Survey of Attitudes Toward Statistics 

– 36 

Overall (36): N/A 

 

Components: 

Affect (6): N/A 

Cognitive competence (6): N/A 

Value (9): N/A 

Difficulty (7): N/A 

Interest (4): N/A 

Effort (4): N/A 

 

Findings related to statistics self-concept: 

Mtreatment=4.894, SDtreatment=.522,  

Mcontrol=5.868, SDcontrol=1.039, F(1, 138) = 

14.778, p>.05 
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4.0  Recommendations for Practitioners  

Mash et al. (2018) found the reciprocal effects model can explain the relation between self-

concept and achievement. Therefore, they recommended educators to use absolute and 

individualised grading as teacher-assigned grades influenced students’ academic self-concept 

development. In addition to teaching academic skills, educators are required to promote 

positive self-beliefs by considering the reciprocal relations, which can be challenging (Mash 

et al., 2018). Accordingly, the question of how lecturers should teach statistics can arise; this 

is addressed below.  

 

This systematic review has shown statistics self-concept is part of students’ attitudes towards 

statistics and related to other attitude components such as affect, value, difficulty, effort and 

interest. In addition, students with higher statistics self-concept have lower anxiety and higher 

engagement. Moreover, students’ previous experience in mathematics or statistics are crucial 

for their self-concept. Hence, students’ previous knowledge of basic mathematics and 

statistics skills should be measured; then, individualised feedback ought to be provided for 

students. This feedback should address students’ development, effort and learning (Lüdtke et 

al., 2005). Afterwards, teaching methods emphasising statistics self-concept such as active 

learning, digital teaching materials and web augmented learning should be implemented. 

Finally, students should be given absolute grading and specific feedback. 

 

The effectiveness of these approaches was not tested as the eligible studies lacked 

methodologically robust designs. Consequently, the authors of this review could not identify 

which approach is best. However, the authors can evaluate other teaching approaches such as 

peer tutoring, co-operative learning and metacognitive strategies. Peer tutoring has been 

repeatedly shown to improve mathematics self-concept (Topping et al., 2003; Tsuei, 2012; 

Alegre & Moliner, 2017; Alegre et al., 2018), and may address time constraints faced by 

lecturers. Despite this, there are limited studies examining which components of peer tutoring 

cause success in statistics courses. For instance, Cantinotti et al. (2017) found that tutors’ 

prior knowledge, availability, conversation and support skills were important factors to 

achieve success but their gender was not. Furthermore, co-operative learning has been 

reported to improve students’ mathematics self-concept by enhancing their understanding of 

topics, whilst improving their active participation and engagement in learning (Sofroniou and 

Poutos, 2016; Davies, 2009). However, instructors are central to the success of this approach 

and must ensure the group tasks reflect a level of complexity to ensure all students equally 

participate in the learning activity (Davies, 2009). Finally, metacognitive strategies have been 

found to improve mathematics self-concept, whilst also enhancing learning, problem solving 

and attainment (Jaafar and Ayub, 2010). However, greater research with methodologically 

robust designs is needed on these approaches to determine their effects on students’ statistics 

self-concept in higher education institutions. 

 

4.1  Recommendations for Researchers  

In this review, no eligible study examined theories of self-concept. Subsequently, for future 

research, the authors advise researchers to explore if the reciprocal effects model, BFLPE 

model and I/E model are effective in statistics education. The use of self-concept related 

models to explain the theoretical phenomenon is therefore necessary in future research.  

 

In addition, this review showed that there was no single questionnaire measuring both 

statistics self-concept and attitudes towards learning with technology, based on Eccles' 

expectancy-value model and recent innovations in statistics. Therefore, a gap is apparent 

within the field and the development of such questionnaires is recommended. 
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Finally, studies in this review used the following research designs: one-group pre-test/post-

test designs and two-group pre-test/post-test designs with either a comparison group or 

control group. Since these research designs have several limitations and are not Randomised 

Control Trials (RCT), a causal mechanism cannot be claimed. Hence, conducting 

methodologically robust RCT is essential to examine the impact of different teaching 

approaches on students’ statistics self-concept. 

 

5.0  Conclusion  

Self-concept corresponds to individuals’ judgement of their own ability. According to the 

Eccles’ expectancy-value model, this general judgement (general self-concept) can be in two 

discrete forms: evaluative or descriptive. However, it is important to acknowledge that 

domain specific self-concept only refers to self-evaluative judgements (cognitive 

competence). This model also suggests that domain specific self-concept is constantly 

constructed by internal and external comparisons.  

 

Self-concept researchers have investigated how positive self-concept can produce noteworthy 

educational outcomes such as consistency in effort, enhanced achievement and increased 

motivation. Correspondingly, the number of studies examining domain specific self-concept 

has increased. Subsequently, systematic reviews encompassing these studies are increasingly 

necessary. This systematic review identified the most commonly used data collection tools 

for domain specific self-concept and effective teaching approaches aiming to promote 

domain specific self-concept.  

 

This systematic review reported that the SASTc, SATS-28 and SATS-36 scales are the self-

report questionnaires which have been employed for the assessment of statistics self-concept 

across geographical locations. These questionnaires were examined in accordance with the 

Eccles' expectancy-value model and developments in statistics education such as learning 

statistics through technology. According to Eccles' expectancy-value model, the SATS–36 is 

the most effective scale for assessing statistics self-concept as a component of statistics 

attitude. Although, the SASTc scale cannot be used for the measurement of difficulty, interest 

and effort; recent innovations in statistics education suggest the SASTc scale is most 

appropriate for examining students’ attitudes towards learning statistics with technology. 

Thus, the SATS–36, along with the adaption of a scale that determines students’ attitudes 

towards learning statistics with technology, should be used in further studies. 

 

In addition, this systematic review examined the impact of different teaching methods on 

statistics self-concept. The range of teaching methods, with exception of the gamified 

modules and incremental mindset training, significantly enhanced students’ statistics self-

concept. More specifically, the statistical effects of web augmented learning approach and 

computer assisted lectures with digital teaching materials on students’ statistics self-concept, 

were larger than those of active learning approach, courses based on mutual respect, and the 

combination of lecturer centred lectures and computer assisted lectures. However, these 

findings are subject to some limitations. As a result, RCT should be conducted in subsequent 

studies to better understand the causal mechanism. 

 

Self-concept researchers also claimed that feedback has the potential to improve domain 

specific self-concept such as statistics self-concept. However, statistics educators may 

encounter challenges in both identifying their students’ weaknesses and giving effective 

feedback frequently, as introductory statistics class sizes are large (Im & Yin, 2009; 
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Jonsdottir, Bjornsdottir, & Stefansson, 2017). Consequently, educators can use computer 

applications to deliver feedback and implement peer tutoring to ensure beneficial feedback 

outlets. Thus, in future studies, the effects of computer applications that provide teacher and 

peer feedback on statistics self-concept can be examined with RCT. In addition, changes in 

students’ general attitudes towards statistics and their statistics self-concept can be detected 

with the SATS–36 and a scale aiming to investigate students’ attitudes toward learning 

statistics through technology.  
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