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Statistical literacy is important in the curriculum of every higher education

institution and the sustainable development of countries. Nonetheless, low

performances and student enrolment recorded in statistical education warrant

investigation into plausible factors. This case study used the Students’ Attitude

towards Statistics (SATS) 36-item instrument to investigate the attitudes and

perceptions of 185 students, enrolled in different disciplines, towards statistics

education at Chinhoyi University of Technology in Zimbabwe. Descriptive,

factor reduction, and multiple regression techniques were used to summarise

and extract critical covariates, and relate variables in each construct in order to

explain the attitudes of students towards statistics. Thematic analysis was

done for an in-depth qualitative explanation of the drivers and barriers to the

teaching and learning of statistics education. The main factors which induce

fear, stress, anxiety, and antipathy towards statistics include: the perceived

difficulty and numerical complexity of statistics, a natural low statistics self-

efficacy and self-perception, and the extremely varying statistics cognitive

capabilities of students. Inadequate supporting and facilitating conditions

such as modern Information Communication Technology infrastructure, and a

conducive teaching and learning environment lead to low performances.

Regardless, students still perceive statistics as imperative for future

professions and are willing to exert enough effort provided they are motivated

in statistics education. It entails a diametric paradigm repositioning of the

teaching and learning of statistics, emphasising collaborative learning, the

intense use of electronic learning and the assessment of statistics, and

smaller-sized classes giving individualised attention to benefit weaker

students. Future research needs to explore statistics curriculum development,

which is lagging and may be silently responsible for the low development rate

in poor African countries.
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1. Introduction

Statistics education, the practice of teaching and

learning of statistics, along with the associated

scholarly research commonly called research methods,

is a core component of most programs in higher

education (Onwuegbzie et al. 2017; Lynch and Gerber

2018). Statistical education is an important global

concern in the information age, more so because much

of the information is derived mathematically using

statistics and research methods (Creswell 2012, 2014).

The application of statistics and research methods

varies widely across fields such as mathematics,

biometrics, medicine, and epidemiology, as well as in

business, economics, industry, and the natural sciences

(Nahm 2016). Of late, statistics education is widely

found in the humanities, arts, cultural studies,

sociology, and psychology (Cresswell 2014). Correct

statistical usage provides a powerful predicting tool for

historical, contemporary, and future phenomena

(Greenland et al. 2016). Thus, statistics courses tend to

be compulsory for undergraduate and postgraduate

students and even in staff development courses as they

equip students and faculty with technical, logical, and

problem-solving skills in higher education institutions

(HEIs).

For many students, the study of research methods and

statistics provokes anxiety, frustration, dismay, and

disdain (Paechter et al. 2015). Academic challenges

related to statistics anxiety arise from difficulties in

research design, data collection, data management, data

manipulation (analysis), and interpretation (Marcher et

al. 2015). In a teaching context, statistics anxiety relates

to the students' fear of (humiliation from) the statistics

lecturer and fear of asking for assistance (Onwuegbuzie

et al. 2017). Despite the introduction of various teaching

strategies to reduce statistics anxiety, such as the

humorous numerical methods approach, positive

reinforcement from statistics teachers and lecturers,

and current and participatory instructor-led e-learning

of statistics, there is still a persistent general statistics

anxiety, disdain, frustration, and dislike of research

methods among students and faculty alike (Rock et al.

2016).

In most statistical education, statistics teachers and

instructors are generally focused on improving the

cognitive aspects of instruction with little interest in

the emotional and psychomotor aspects of student

learning (Prayoga and Abraham 2017). Currently,

attitudes and perceptions towards statistics have

gained increasing concern in statistics education and

its application by college students in their careers

(Gredig and Bartelsen-Raemy 2018). Attitudes towards

statistics and research methods influence students’

statistical behaviour inside and outside the learning

environment and their willingness to attend statistics

modules in the future (Mutambayi et al. 2016).

For developing African countries such as Zimbabwe, the

interactive effects of general statistics anxiety and

unsuitable teaching approaches limit the effective use

of statistics education in higher education institutions

(Chirume 2013). Research Methods and Introduction to

Statistics are compulsory modules for all degree

programmes, and they act as the theoretical framework

on which students base their research projects in HEIs

in Zimbabwe (Badza and Chakuchichi 2000; Mhlanga

and Ncube 2003). However, there have been

increasingly divided opinions on the importance of

statistical education in the students’ curriculum with

regards to its instructional approaches and learning

modes in higher education institutions across

Zimbabwe (Chikoko and Mhloyi 1995; Zindi and

Munetsi 2015).

Nevertheless, profiles of statistics and research

methods show poor achievement, and the students

display negative attitudes toward statistical courses

during registration, within the semester, and in the

final examinations, with some indicating unwillingness

to be associated with statistical education in future

careers in most higher education institutions in

Zimbabwe (Chirume 2013). An array of factors, such as

unbalanced curricula where content, andragogy, and

technology are misaligned, and low applicability and

contextual relevance to real-life situations, have been

cited for the low uptake and pass rates in statistics-

related modules in HEIs in Zimbabwe and worldwide

(Mvududu 2003; Koh and Zawi 2014). For instance, at

Chinhoyi University of Technology (the case study

institution), taking and passing statistics is compulsory

for all disciplines in the first year, as it is at the rest of

the HEIs in Zimbabwe (Mhlanga and Ncube 2003;

Mukeredzi and Chiome 2011; Zindi and Munetsi 2015).

Regardless, the persistent high failure rates in the

discipline indicate that these strategies have not

succeeded within Zimbabwe, and this reveals a research

caveat on the factors and reasons behind the high

failure rate in statistics and research methods among

students enrolled in higher education institutions in

the country. This research explored the current

teaching and learning approaches in statistics

education in higher education in Zimbabwe, with the
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use of Chinhoyi University of Technology as a case

study. The aim was to explore alternative teaching and

learning methods in statistics using information from

both students and instructors. Specifically, the

objectives were to: 1. determine students’ attitudes

toward statistics education at CUT in Zimbabwe, 2.

establish the factors affecting statistics education at

CUT, and 3. develop a framework to improve delivery

modes in statistics education to students at CUT and

similar institutes in developing countries.

2. Methods

2.1. Study Area

The Chinhoyi University of Technology (CUT), located

in Chinhoyi Town in Zimbabwe (Figure 1), was

established in 2001 (www.cut.ac.zw) and provides both

undergraduate and postgraduate qualifications in

agriculture, engineering, wildlife ecology and

conservation, creative art and design, business sciences,

hospitality and tourism, and natural sciences and

mathematics. Teacher education and other courses are

offered through the Institute of Lifelong Learning and

Development Studies. The Department of Mathematics

and Statistics is housed in the School of Natural

Sciences and Mathematics (www.cut.ac.zw) and offers

university-wide statistical courses, although each

department is mandated to have a component in

statistics and research methods within its curriculum.

Figure 1. Location of Chinhoyi University of

Technology in Zimbabwe.

2.2. Data collection

The research adopted an analytical case study research

design integrating quantitative and qualitative methods

in assessing the perceptions of students and

stakeholders towards statistics education at CUT. The

sample comprised 185 conventional and block

undergraduate and postgraduate students drawn from

all schools. Semi-structured questionnaires were

administered to students in the third week of the

semester opening, under the assumption that almost

the whole student body would have started attending

classes. University administrators from the registry,

quality assurance, and all schools were also interviewed

as part of the main respondents. After instrument

refinement, the key informant interviews and focus

group discussions were conducted simultaneously with

the interviews. The Survey of Attitudes towards

Statistics (SATS) instrument, which employs a 7-point

Likert scale to assess students’ cognitive and non-

cognitive factors, was used. A pilot interview was

conducted with seven students from all the schools in

the university in order to refine the instrument.

2.3. Data analysis and procedure

The survey was taken from the Survey of Attitudes

towards Statistics (SATS) instrument (Schau 2003;
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Vanhoof 2010), which assesses students’ cognitive and

non-cognitive factors. All items grouped into the six

components were tested for construct validity in

comparison with previous studies (Schau 2003). SATS

employs a 7-point Likert scale (1 = strongly disagree, 2

= disagree, 3 = not sure, 4 = neutral, 5 = somewhat

agree, 6 = agree to 7 = strongly agree, or equivalently

according to item statements). For statistical analysis

purposes, items with negative wordings were

transformed to positive wordings. Two main issues

were analysed, i.e., the students’ attitudes towards

statistics education at CUT, and the factors affecting

statistics education at the institution. The third issue

related to teaching and learning strategies was also

analysed in both a quantitative and qualitative manner.

Descriptive summaries were done for demographic data

using frequency tabulation. Statistical differences in the

contribution of the demographic constructs of the

respondents to each attitude component were analysed

using the Chi-square tests of independence at the

P<0.05 significance level. For each of the attitude

components, the Cronbach's alpha test of reliability to

test for internal consistency was done with a cut-off

point of 0.70 for all items. Then a Kaiser-Meyer-Olkin

(KMO) test and a Bartlet test, a measure of sampling

adequacy, were done on the data, with a cut-off point of

p<0.05 indicating an adequate sample size for

proceeding with factor reduction analysis. After that, in

each of the attitude components, factor reduction or

factor analysis was done with the aid of an R-Matrix to

reduce data from a group of interrelated variables to a

smaller set of factors.

This was done to achieve parsimony by explaining the

maximum amount of common variance in a factor

correlation matrix using the smallest number of

explanatory constructs for each attitude component. A

factor loading or factor score matrix with factor

correlation coefficients for each attitude component

was then constructed, indicating the relationships

between each variable in each attitude component. The

cut-off point for the factors was 0.70-0.75 for each

attitude component. From the retained variables for

each attitude component, multiple regression analyses

were done using the generalized linear model (GLM) in

order to determine the best possible combination of

explanatory variables to explain the attitudes of

students and stakeholders towards statistics education

at CUT. The non-parametric Kruskal-Wallis ANOVA was

done to differentiate the responses to the Interest in

Statistics construct based on the schools and ages of

the respondents.

On the teaching and learning strategies associated with

statistics education, commonly recurrent word

sequences were identified and grouped into themes.

The modal frequency of the themes was quantified and

cross-related to demographic attributes using the

Pearson correlation test at the P<0.05 significance level.

A qualitative in-depth analysis of the themes was done

with reference to published literature in order to explore

the best and most plausible teaching and learning

strategies for statistics education at CUT. All statistical

analyses were done in the SPSS 25 version, with specific

rejection criteria stated for each test.

3. Results and interpretation

3.1. Demography of the respondents

A total of n=220 questionnaires were administered to

students at CUT, and n=185 fully answered

questionnaires were used for the analysis, ensuring a

return rate of 84%. The students were drawn from the

Schools of Business Science and Management (n=67;

36%) > Wildlife Ecology and Conservation (n=32; 17%) >

Agricultural Sciences and Technology (n=26; 14%) > Art

and Design (n=15; 8%) > Hospitality and Tourism (n=14;

8%) > Engineering Science and Technology (n=14; 8%) >

Medical Health Sciences and Technology (n=14; 8%)>

Natural Science and Mathematics (n=3; 2%). There were

significant differences (Chi-square, p < 0.05) in the

representativeness of the schools in the study. This

merely indicates the skewedness of the enrollment at

CUT, where there are more students in the School of

Business Science and Management than in any other

school, with the least number of enrollments found in

the School of Natural Sciences and Mathematics. Of the

respondents, 49% (n=90) were females, and 51% (n=95)

were males. The age ranges (in years) of the students

were 17-21 (n=41; 22%), 21-25 (n=117; 63%), 26-30 (n=18;

10%), 31-36 (n= 9; 5%). There were significant

differences (Chi test, p<0.05) in the age ranges of the

respondents. The level of formal education reached by

the respondents indicated that a majority (n=40; 22%)

were in level two in the first semester or 2.1, with 19%

(n=35) in level 1.2. At least 17% (n=33) of the students

were in level 2.2, whilst 11% (n=21) of the respondents

were at the postgraduate or MPhil/MSc/PhD level. A

majority (n=168; 91%) of the students had taken at least

one mathematics or statistics-related course at the

university.
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3.2. Extraction and analysis of the SATS 36

constructs

3.2.1. Attitude of students towards statistics

The Cronbach's alpha score for the affect construct was

0.78 and indicated adequate consistency of the scale.

The Kaiser-Meyer-Olkin and Bartlet tests indicated

significant sample adequacy (KMO test=0.702, Bartlet

Sphericity test, p=0.0001) to proceed with factor

reduction analysis in the affect component. Attitudes of

students were examined statistically using analysis of

variance and regression analysis. The total variance

explained output indicated a suitable cut‑off point

between two and three factors, as the three-factor

solution had an Eigen value<1 and explained at least

62% of the variation in the Affect construct. Analysis of

the Rotated Component Matrix – R Matrix showed that

students prefer the qualitative aspect of statistics for

them to enjoy the statistics courses and are rather

scared of quantitative statistics (Table 1). In fact, most

students (n=121; 65%) indicated that they are frustrated

and stressed during statistics courses, mainly due to the

quantitative aspect of statistics education (Table 1).
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Significance ranking of factor Factor 1>0.80 Factor 2>0.80

1 Prefer qualitative methods in statistics Enjoy statistics courses

2 Frustration over statistics= Scared of statistics

3 Stress during statistics courses

Table 1. Factor reduction in the Affect component in the R Matrix

Anxiety, fear, stress, antipathy, and frustration over

statistics and mathematics detected in this study

resonated with studies by Gundlach et al. (2015) and

Paechter et al. (2015), and with Prayoga and Abraham

(2017), who indicated that undergraduate and

postgraduate students exhibit higher levels of anxiety,

fear, and dislike of statistics. Prayoga and Abraham

(2017) indicated that most tertiary students prefer

qualitative methods in statistics as they deem them

easy to understand. This assertion dovetails with this

study, where students indicated a preference for the

qualitative aspects of the statistics courses. A sizeable

portion (n=40; 22%) of the students indicated that they

enjoyed the statistics courses in the study, implying

that attitudes towards statistics differed among

students. A majority of students (n=28; 70%) in the

group who enjoyed the statistics courses have

previously taken more than two courses related to

mathematics and statistics. This suggests that the

development of self-efficacy and antipathy towards

statistics are dispositional antecedents developed from

learners' previous experience with mathematics and

statistics (Marcher et al. 2015).

For further regression analysis, the retained variables in

the Affect component were: preference of qualitative

methods, frustration, stress, and fear of statistics. The

regression output is shown in Table 7 and indicates a

positive adjusted R-square value and a significant p-

value of 0.000. This reflects that the model interlinking

predictors such as fear, stress, frustration, and

preference for qualitative methods in statistics was

reliable and significant in predicting the likelihood of a

student enjoying statistics courses. The coefficient

model summary indicated that as stress increases and

enjoyment of qualitative methods decreases, there is a

likelihood of a student enjoying statistics.

Thus, when a student is not afraid to tackle quantitative

and qualitative aspects, there is a likelihood of enjoying

statistics. Ncube and Moroke (2015) indicated that

students with low statistics self-efficacy and low

statistics self-perception have the potential to develop

negative attitudes towards statistics and mathematics

courses. It is imperative for statistics facilitators to first

interrogate the attitudes and previous experiences with

mathematics and statistics among learners in order to

improve performance in statistical education (Stoloff et

al. 2015). However, the low adjusted R value of 0.342 in

Table 7 indicated that there are other factors not

captured in the SATS generic form to account for the

probability or likelihood of enjoying or hating statistics

courses other than fear, anxiety, and stress. The low

adjusted R value also pointed to the smaller size of the

sample, which makes it difficult to consider all factors

affecting students’ attitudes towards statistics. Thus, in

future studies, there is a need to increase the sample

size for more accurate results (Montgomery et al. 2012).

3.2.2. Statistics cognitive competence

The Cronbach's alpha score for the Statistics cognitive

competence construct was 0.72 and indicated adequate

consistency of the scale. The Kaiser-Meyer-Olkin and

Bartlet tests indicated a significant sample adequacy

(KMO test = 0.758, Bartlet Sphericity test, p = 0.0001) to

proceed with factor reduction analysis in the affect

component. The total variance explained output

indicated a suitable cut-off point of only two main

factors, as the three-factor solution had an Eigenvalue <

1 and explained at least 64.32% of the variation in the

statistics cognitive competence construct (Table 2). The

Rotated Component Matrix – R Matrix showed that

students prefer the qualitative aspect of statistics for

them to enjoy the statistics courses and are rather

scared of quantitative statistics (Table 2).
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Significance ranking of

factor
Factor 1 > 0.70 Factor 2 > 0.70

1 Do a lot of maths errors I can learn statistics

2 No idea of what is going on
I understand mathematical and statistic

formula and equations

3
I have trouble understanding statistics because of

the way I think

Table 2. Factor reduction in the Statistics cognitive competence component in R Matrix

There are two distinct sets of students in the statistics

cognitive competence component. The first set consists

of students who indicated that they make a lot of maths

errors in statistics and have no idea of what will be

going on in statistics courses and suggested that they

have trouble understanding statistics because of the

way they think, which is not mathematically inclined

(Table 2). The second set of students indicated that they

can learn statistics and clearly understand

mathematical and statistical formulae and equations

(Table 2). For further regression analysis, all the

variables in the statistics cognitive competence

component indicated in Table 2 were retained. The

factor "I can learn statistics" was the dependent

variable in this construct, and the regression output is

indicated in Table 7. The regression summary indicated

a positive adjusted R-square value of 0.0283 and a p-

value = 0.000, implying that the model interlinking

predictors such as: I find it difficult to understand

statistical concepts, I do a lot of maths errors,

understand statistical formulae and equations, I have

trouble understanding because of the way I think, I

have no idea of what is going, was reliable and

significant (p<0.05) in predicting the likelihood of a

student finding it easier to learn statistics. The ability to

comprehend statistics and mathematics determines a

student’s ability to learn statistics (Weissgerber et al.

2016).

3.2.3. Effort in Statistics

The Cronbach's alpha score for the Effort in Statistics

construct was 0.742 and indicated adequate consistency

of the scale. The Kaiser-Meyer-Olkin and Bartlet tests

indicated a significant sample adequacy (KMO test =

0.831, Bartlet Sphericity test, p = 0.0001) to proceed with

factor reduction analysis in the Effort in statistics

component. The total variance explained output

indicated a suitable cut-off point of only two main

factors, as the three-factor solution had an Eigenvalue <

1 and explained at least 64.32% of the variation in the

effort in statistics construct.

Analysis of the Rotated Component Matrix –R Matrix

showed that students planned to complete all of their

statistics assignments (loading factor = 0.871), work

(loading factor = 0.954), and study (loading factor =

0.914) hard for every statistics course and attend every

statistics class session (loading factor = 0.878). In

essence, this study indicated that all students either did

put a lot of effort into statistics-related courses or were

planning to work hard in statistics-related courses. The

summary regression model shows that the adjusted R =

0.639 and the Anova p-value = 0.000, implying that the

model interlinking predictor factors such as students'

planning to attend every statistics lesson, study, and

work hard in statistics with the completion of

assignments in statistics is reliable and significant.

Mutambayi et al. (2016) indicate that generally there is a

high amount of effort input by students in statistics and

mathematics courses at the university. However, effort

in statistics is most often regarded as a mediated

variable in interlinking attitude, cognitive ability, and

performance in statistics, as effort alone does not result

in higher performance in statistics and mathematics

(Barbosa et al. 2019).

3.2.4. Value and Use of Statistics

The Cronbach's alpha score for the Value and Use of

Statistics construct was 0.713 and indicated adequate

consistency of the scale. The Kaiser-Meyer-Olkin and

Bartlet tests indicated significant sample adequacy

(KMO test = 0.831, Bartlet's Sphericity test, p = 0.0001)
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to proceed with factor reduction analysis in the Value

and Use of Statistics component. The total variance

explained output indicated a suitable cut-off point of

only two main factors, as the three-factor solution had

an Eigenvalue < 1 and explained at least 61.14% of the

variation in the Value and use of statistics construct

(Table 3). Analysis of the Rotated Component Matrix –R

Matrix showed that most students (n = 109; 59%)

disagreed with the suggestion that statistics is

worthless for them and irrelevant in their lives. In fact,

a sizeable portion (n = 101; 55%) indicated that statistics

is required as part of their training and in their

intended future professions and careers. In most

universities, it is compulsory for undergraduate and

postgraduate students to take up (and pass) at least one

module in research methods and statistics (Yang 2017).

At least 49% (n = 90) of the respondents indicated that

statistics will make them more employable in the

future, an indicator of the importance students place on

the value and use of statistics in their everyday lives

and future careers.
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Significance ranking of factor Factor 1 > 0.70 Factor 2 > 0.70

1 Statistics is worthless for me Statistics is required as part of my professional training

2 Statistics is irrelevant in my life

Table 3. Factor reduction in the Value and use of Statistics component in the R Matrix

The summary regression model shows that the

adjusted R = 0.291 and a p value >0.05, implying that the

model interlinking the value and use of statistics and

the perceptions of students towards statistics'

importance does not adequately explain the

relationship. It also indicated that there were no

significant differences (Anova, p>0.05) in the predictor

variables for the construct (Table 7). It implies that

statistics is valuable to most students who intend to

apply it in real life and future professions. However, an

equal proportion of students regard statistics as

irrelevant to their lives and suggest that it may not be

useful to their intended professions. This points to a

need to first interrogate the attitudes and perceptions of

students towards the value and use of statistics in their

daily lives and intended professions before formulating

appropriate teaching and learning strategies for

effectiveness in statistics education, especially for

developing countries (Stoloff et al., 2015).

3.2.5. Difficulty in Statistics

The Cronbach's alpha score for the Difficulty in

Statistics construct was 0.84, which indicated adequate

consistency of the scale. The Kaiser-Meyer-Olkin and

Bartlet tests indicated significant sample adequacy

(KMO test=0.719, Bartlet Sphericity test, p=0.0001) to

proceed with factor reduction analysis in the Difficulty

in Statistics component. The total variance explained

output indicated a suitable cut-off point of only two

main factors, as the three-factor solution had an Eigen

value<1 and explained at least 68.29% of the variation

in the Difficulty in Statistics construct. Analysis of the

Rotated Component Matrix – R Matrix showed the

existence of two categories of students (Table 4). The

first category of students indicated that statistics

involves massive computations and calculations (n=104;

56%) and that the subject is highly technical (n=101;

55%), and thus, students have to learn a new way of

thinking to comprehend statistics (n=89; 48%). The

second set of students indicated that statistics formulae

are easy to understand (n=71; 38%) and that statistics is

a subject quickly learned by most people (n=51; 28%).

The first set of students views statistics as a complex

subject involving tedious calculations and thus regards

the subject as difficult. This resonates with most

research, e.g., Chew (2014, 2018) and Siew et al. (2019),

who indicated that most students perceive statistics as

too mathematical and hence regard the subject as too

complex.
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Significance ranking of factor 1 > 0.75 Factor 2 > 0.75

1 Statistics involves massive computations Statistics formulae are easy to understand

2 I have to learn a new way of thinking to do statistics Statistics is a subject quickly learnt by most people

3 Statistics is highly technical

Table 4. Factor reduction in the Difficulty in Statistics component in the R Matrix

This can be interlinked with low statistics self-efficacy

and low statistics cognitive competences among

students, which induce statistics anxiety and antipathy

(Rock et al. 2016; Primi et al. 2018). As a result, such

students either apply minimal effort or do not even try

to apply themselves in statistics courses, as they think

that it is imperative for them to learn new ways of

thinking to do statistics, resulting in low performance

in statistical education. The second set of students

exhibited a high affinity for statistics and indicated that

statistics formulae are easy to understand. They

regarded statistics as an easy subject which can be

learned by most people. This set of students indicates

high statistics cognitive capability (SCA) and can readily

apply knowledge and intellectual skills in using

statistical operations to solve academic and real-life

situations (Chirume 2013; Onnis et al. 2018). The key

challenge in statistical education is how to craft

effective teaching and learning strategies that cater to

the two different groups of students with different SCA.

The summary regression model shows that the

adjusted R = 0.161 and a p-value >0.05, implying the

model does not adequately interlink difficulty in

statistics and the antecedent factors, e.g., statistics is a

complicated subject for me, and statistics formulae are

easy to understand. In fact, an analysis of the model

coefficients clearly shows the existence of two sets of

students with significant differences (ANOVA, p<0.05)

for the variables: statistics involves massive

calculations (ANOVA, p=0.015) and statistics formulae

are easy to understand (ANOVA, p =0.001); see Table 7.

The existence of the two groups of students implies that

environmental, dispositional, and situational

antecedents related to mathematics and statistics have

to be thoroughly investigated in order to ensure

improvements in statistics education (Dablander et al.

2019).

3.2.6. Interest in Statistics

Analysis of students’ interest in statistics indicated that

most students somewhat agree that they are interested

in communicating statistical information to others. A

sizeable portion (n=112; 61%) indicated that they really

do not know if they are interested in using statistics in

their everyday lives or in future professions (Table 5). A

significant number of students (n=155; 85%) indicated

that they are interested in understanding statistical

information and in learning statistics. Overall, the

findings indicated that students are interested in

learning statistics and using statistical information in

their training and future professions. This is contrary to

assertions by Otto et al. (2018) that university students

have the perception that mathematics and statistics are

abstract and therefore the learning of mathematics and

statistics would yield no benefit to them. The challenge

is that most students do not know where to apply and

use statistical knowledge (Bui and Alfaro 2011).
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Item Statistics Mean SD Median Valid N

I am interested in communicating statistical information to others 4.06 1.963 4.00 176

I am interested in using statistics 3.93 2.172 4.00 112

I am interested in understanding statistical information 4.57 1.909 5.00 174

I am interested in learning statistics 4.77 2.049 6.00 176

Table 5. Interest in Statistics among students at CUT

The fact that all the variables coalesced into one big

component (interest in statistics) did not allow for

factor reduction analysis, and further regression

analysis was made redundant. Instead, differentiation

of the levels of interest in statistics using the schools

and ages of respondents was done using the non-

parametric Kruskal-Wallis Anova test. There were

significant differences (p<0.05) in the responses to the

factors: I am interested in using statistics (Kruskal-

Wallis Anova, p=0.003), I am interested in

understanding statistical information (Kruskal-Wallis

Anova, p=0.026), and I am interested in learning

statistics (Kruskal-Wallis Anova, p=0.017) across the

different schools at CUT.

However, the age of the respondents did not

significantly affect (Kruskal Wallis Anova, p>0.05) the

levels of statistical interest among the students. It

appears that interest in statistics is determined by the

disciplines or programmes of training, i.e., the school or

faculty, and age is not a significant determinant.

Onwuegbuzie et al. (2017) and Miller (2019) indicated

that age, gender, and marital status are not significant

determinants of the motivation and interest of students

towards statistics and mathematics at the tertiary level

in both developing and developed countries. Rather, the

significance of statistics relates to the programme a

student is taking (Zindi and Munetsi 2015), with natural

sciences more inclined to grasp statistical concepts

easily relative to humanities and social studies faculties,

although emerging trends in business schools indicate

otherwise (Otto et al. 2018).

3.3. Facilitating conditions for Statistics

Education at CUT as a model for developing

nations

Analysis of the ancillary factors helping the

implementation of effective statistics education

indicated that a majority (n=113; 64%) of the

respondents strongly disagreed or were not sure that

CUT provides all the facilities needed for statistics

learning (Table 6). Most (n=118; 67%) of the respondents

indicated that CUT does not provide adequate ICT

infrastructure for use in statistical education.

In terms of policy, a sizeable portion (n=88; 50%) of the

respondents strongly agreed or agreed (with mean=4.45

and mode=6) that CUT provides an opportunity for

learning statistics (Table 6). However, a majority (n=110;

63%) of the respondents strongly agreed that CUT does

not provide incentives for students learning statistics,

with mean response=3.02 and mode=1. Most

respondents (n=125; 71%) indicated that CUT has not

provided training for students and lecturers alike to use

e-learning tools in statistics education. Similarly, most

(n=115; 65%) respondents indicated that there is a lack

of technical help for using e-learning tools in statistics

education. Most of the students indicated that the

teaching of statistics is not stimulating (n=96; 55%) and

motivating (n=94; 54%) at CUT. However, a sizeable

portion (n=73; 42%) of the respondents indicated that

the assessment of statistics at CUT is fair (Table 6).
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Item / Statistics Mean SD Median Mode Valid N

Learning infrastructure

CUT has provided me all the facilities I need for statistics learning 3.55 1.959 3.00 1 176

The ICT infrastructure at CUT is available when I need it for statistics 3.44 1.195 3.00 1 177

Institutional Policies

CUT provides me an opportunity for learning statistics 4.45 1.929 5.00 6 175

CUT provides incentives to students for learning statistics 3.02 2.360 2.00 1 175

Training and Technical Support

CUT has provided training for me to use e-learning tools in statistics 3.38 1.943 3.00 1 175

There is technical help available if required in learning statistics 3.64 1.961 4.00 1 176

Teaching and learning

Teaching of statistics is stimulating at CUT 4.03 1.887 4.00 6 175

Teaching of statistics at CUT is motivating 4.10 1.963 4.00 6 175

Assessment procedures for statistics are fair at CUT 4.09 1.912 4.00 4 173

Table 6. Students’ perceptions of the facilitating conditions for statistics education at CUT
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Construct Valid Predictors
Adjusted

R2
Standard Error

(SE)
df

Anova, P

values

Attitude/affect
Frustration, fear, preference of qualitative

methods, Stress
0.327 1.795 173 0.000

Statistics cognitive

competence

No comprehension of concepts, lots of maths

errors, wrong logical reasoning
0.283 1.578 171 0.000

Effort in Statistics
Work and study hard, attend every statistics

lecture
0.633 1.221 177 0.000

Value of Statistics
Worthless to me, useful to me, not applicable in

daily lives, irrelevant
0.291 1.590 174 >0.05

Difficulty in Statistics
Massive complex and technical computations.

Easy formulae.
0.135 1.861 178 0.001

Table 7. Summary of regression analyses outputs for the SATS 36 constructs

N.B.: The interest in statistics construct was compounded,

and thus, the regression analysis was invalid

Horton (2015) and Onwuegbuzie et al. (2017) indicated

that most developing nations face challenges in ICT and

e-learning resources for the total improvement of

statistical education. This hampers the teaching and

learning strategies that rely on multimedia devices and

require consistent internet access for the upgrading of

software (Hydorn 2018). CUT regulations, which are a

policy, make it mandatory for every student to pick up

and pass an introductory or basic introduction to

statistics course, which explains the fact that students

agreed that the institution provided them with an

opportunity for learning statistics. This practice of

making at least one statistics course mandatory is rife

worldwide (Stowell and Addison 2017). The

consequences of this setup are that statistics facilitators

are often confronted with students who did not want to

take up statistics and research methods, who are

‘statistics illiterate’, or who have ‘statsphobia’

(Onwuegbuzie and Wilson 2003). The fact that students

at CUT do not feel motivated or stimulated to learn

statistics by the teaching strategies used at the

institution reflects a general resistance or statsphobia,

and statistics antipathy. It may also reflect inadequate

knowledge and understanding of the statistical

dispositional and situational antecedents of the

students on the part of administrators and lecturers,

which results in the provision of an inappropriate and

unconducive statistical learning environment. The

consequence is that students develop dislike, anxiety,

fear, and stress over the statistics courses, resulting in

low performance in statistics education. Nevertheless, a

general agreement that the assessment of statistics is

fair places special emphasis on the choices of didactic

methods and teaching approaches, which must be

aligned with the assessment modes to be adopted at the

university (Zindi and Munetsi 2015; Hydorn 2018).

3.4. Teaching and learning strategies for

Statistics Education at CUT

An analysis of each aspect of the teaching and learning

was done, and the most recurrent ideas and suggestions

were coded into themes for each aspect; the results are

summarised below.

3.4.1. Improvements in teaching and learning

statistics

Five prominent themes were identified in the

responses, and these comprised: Lecture Time,

Teaching Resources, Teaching and Assessment

Approaches, Technology and its Application, and

others, a theme which covered suggestions that

occurred sporadically.

Most respondents (n=92; 50%) indicated that there

must be more engagement time (i.e., more lectures)

between students and lecturers in statistics and

research methods modules. This aspect was

corroborated by all the statistics facilitators (key

informants) who indicated that there is a need for more
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(active) engagement time between students and

lecturers in statistics and research methods modules.

More engagement time will enable more data analysis,

coverage of the statistics curriculum/modules, and the

identification of weaker students, especially those with

minimal or no prior rigorous mathematical and

statistical experiences. Hydorn (2018) indicated that

statistics and research methods benefit students more

when there is engagement between the learners and the

facilitators. Onnis et al. (2018) are of the opinion that

statistical education among andragogical learners can

only be improved once there is a ‘bilingual transaction’

where the learner understands the language of the

facilitator and vice versa, and this can only be achieved

by more engagement time.

The availability of teaching resources, which starts with

the recruitment of experienced statisticians and

biometricians, was identified as a key improvement

needed to enhance the teaching and learning of

statistics at CUT. Most (n=106; 57%) respondents opined

that “There is a need for more experienced lecturers

and tutors and a conducive, not overcrowded

environment in statistics modules’’. Other suggested

statistics resources included a need for a dedicated

statistics research laboratory and up-to-date software

packages. Most students (n=97; 52%) clearly stated that

“We need (to acquire and learn) more packages other

than SPSS only.”

Teaching resources are a vital cog in effective statistical

education (Barbosa et al. 2019). Another recurrent

theme was the need for the adoption of modern

technology and its application in statistical education at

CUT. Students frequently reiterated the need for

upgrading the ICT infrastructure to be compatible with

smart multimedia devices and to enable the constant

upgrading of statistical software. Students suggested a

need for online or e-learning statistical help platforms

and virtual statistics laboratories to troubleshoot

complex computations and reduce the need for physical

space in the large and overcrowded statistics classes.

The need to use e-learning statistical platforms was

also suggested by all the key informants and was a

recurrent suggestion in the focus group discussions.

This requirement is in line with modern trends in the

field of statistical education, where online platforms

such as interactive gaming, simulation of field data and

problems, and complex statistical problem solving have

gained traction (Barbosa et al. 2019).

Teaching and assessment approaches are key in

effective statistical education (Hydorn 2018). This

aspect was the most recurrent theme (n=145; 78%)

among respondents in this study. Various suggestions

were made to improve the teaching of statistics at CUT,

and these include: The use of more discussions or group

activities with an emphasis on the reduction of group

size, even in the tutorials. Moreover, students suggested

the need to further break down the large classes using

statistical iterative algorithms. For instance, in large

schools such as Business Science and Management,

through the use of alphabetical orders of surnames,

facilitators can further break down the large-sized

classes into smaller groups that have lectures and

tutorials on different days. There was an emphasis on

the need to use real-time or actual field-generated data

and to conduct vigorous data analysis on practical life

examples, applying the background theory in tutorials.

This suggestion dovetails with assertions by Kirschener

(2017) and Hydorn (2018), who indicated that engaging

students in the practice of statistics through

undergraduate research projects, mini-projects, or term

projects realises better assessment outcomes than one-

off contact done in lectures. Furthermore, Zindi and

Munetsi (2015) advocated for the adoption of

experiential approaches to teaching statistics and

research methods as an effective strategy for enhancing

statistics education in Zimbabwe and other developing

nations with similar complexities.

Other suggested ideas included the need to reward high

performers in statistics using monetary and non-

monetary incentives such as new laptops and free

software packages for motivating participation in

statistics education. Key informants suggested the need

to be rigorous in the recruitment of students to filter

out those with a poor mathematical and statistics

background and to carry out remedial programmes for

them during the semester. These suggestions reveal a

subtle thread among students where they are pointing

to a need to consider the background of the student, the

classroom environment, and the behavioural responses

to the teaching approaches (Bond et al. 2012). Thus,

there is a need to balance and integrate statistical

antecedents such as the environmental, situational, and

dispositional antecedents in order to improve statistical

education (Dykeman 2011; Dablander et al. 2019).

3.4.2. Improvements in the assessment of

statistics

Five prominent themes were identified in the

responses, and these comprised: Assessment of

Practical Work or Collaborative Assessment, External

Formative Assessment of Students, Internal and

External Peer Evaluation of Lecturers, Electronic

Assessment, and others.
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Most (n=81; 44%) students indicated a need to extend

the assessment of statistics to group work assignments,

practical field work, and even tutorial worksheets, other

than in-class tests and the main summative

examinations. This was mainly suggested as a measure

to encourage all-around participation and fair

assessment of students’ ability/inability. Moreso,

students indicated that various assessment methods

will enable the identification of troublesome concepts

and remedial action by the teachers in the course of the

semester. A sizeable portion (n=67; 36%) of the students

suggested a need for the assessment of students'

performance by external lecturers or experts to rectify

the errors of both lecturers and students. Likewise, a

majority (n=102; 55%) of the students indicated a need

for external peer evaluation of the lecturers for the

enhancement of teaching statistics. Most of the

students suggested the use of electronic assessment (e-

assessment) in statistics to increase fairness and enable

quick evaluation and feedback, which would enable

them to respond appropriately. Modern trends in the

assessment of statistics include the electronic

assessment of students’ work (Garfield et al. 2011), and

the assessment of practical work such as field data and

projects (Hydorn 2018). Other suggested assessment

methods included the use of weekly assignments for

students. Key informants bemoaned the assessment of

observational aspects only in statistics, leaving out the

cognitive and psychomotor aspects such as the

synthesis of real-life and practical concepts and

deductive inferences. They also outlined the

challenging aspect of scoring and grading statistics,

especially among novice students.

3.4.3. Remedies to improve the teaching, learning,

and assessment of statistics

Three main remedial themes were identified, and these

included: The need for Small-Sized Classes, the use of

Modern ICT Infrastructure, and Timely Assessment,

Evaluation, Feedback, and Correction of grey areas

during the course of the semester.

Most students (n=111; 60%) decried the large‑sized

statistics classes and suggested their breakdown into

smaller units for them to gain specialised and

individual attention. However, the key informants

pointed out the large numbers enrolled in the

compulsory statistics courses as the largest

impediment to offering more individualised and

effective attention. As a result, most of the teachers use

the passive (chalk and talk or PowerPoint) mode of

teaching. Thus, it appears the breakdown of large‑sized

classes would lead to the need for more lecturers to

conduct the lectures, further constraining resources at

the institution. The teaching and assessment of

statistics for large‑sized classes are challenging, more

so in resource-challenged countries (Garfield et al. 2011;

Hydorn 2018). The use of modern ICT and online

platforms was suggested by most (n=107; 58%) students

as a potential tool to enhance statistics education at

CUT. Harrison (2017) indicated that ICT has the

potential to unlock hidden statistical cognitive

capabilities and break down the statistics difficulty

complex among students, leading to a change in

attitudes towards statistics and an improvement in

statistical education. Collaborative assessment and an

emphasis on the assessment triangle comprising

cognitive ability, observation powers, and

interpretation ability are imperative for the

improvement of statistics education at CUT (Garfield et

al. 2011).

3.5. Proposed learning, teaching, and assessment

model/framework for statistics education

From the results of the study, a framework or model for

teaching, learning, and assessment in statistics

education at CUT was developed and is shown in Figure

2. The first point of analysis should be to consider the

interest levels and the willingness to exert effort in

statistics courses. Students at CUT are highly

motivated, interested, and willing to put effort into

statistics modules. Moreover, the mere fact that

students are interested in statistics should lead one to

consider how much value and use they attach to

statistics modules (Figure 2).

The background, dispositional and situational factors,

and the natural statistics cognitive capabilities can then

be combined with existing interest and potential

statistical effort to influence the students' affect or

attitude towards statistics. Then the statistical

environment takes over. At this step, students advocate

for intense use and investment in ICT infrastructure

such as laptops, software, and a statistics research

laboratory, which can always be driven by institutional

policies regarding regulations on the statistics

curriculum and ICT policy. The final step is to integrate

all the cognitive and non-cognitive antecedents into

appropriate teaching, learning, and assessment

approaches, such as collaborative learning and

teaching, e.g., through the use of group assignments

and projects in the field of statistics. This stage must

make use of e-learning and e-assessment. Ultimately,

the goal is to improve statistical performance (Figure 2).
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Figure 2. Proposed teaching, learning, and assessment

framework for statistics education at CUT.

4. Policy and Managerial

Implications

The case study has indicated the various perceptions

(mostly negative) towards statistics education among

students and even stakeholders. Various factors, such as

conducive teaching and learning environments with

adequate infrastructure, have been suggested in order

to improve statistics education pass rates and its

applicability in general society. What is clear is that

almost all HEIs in developing and developed nations

require a student to pass or merely attend a statistics-

related module along the curriculum. This is a silent

policy ensconced in the regulations, which tends to be

mandatory at all HEIs. The danger is that this creates a

forced situation where students reluctantly attend the

module and tend to pass after so many failed attempts.

What has never been made clear right from a

pedagogical stage is that statistics is a branch of

mathematics that must stand alone with some

mathematical underpinnings, but statistics is not

mathematics. As a result, the pedagogical curriculum

mixes both mathematics and statistics, with feeble

attempts currently being made to separate the two after

or at the Matric or Form 5-6 level in most high schools,

a stage right before university. This is where the policy,

in the form of the curriculum, has confused students.

This study is advocating for a national, if not

international, Statistics Policy (SP) where a

child/student, right from the formative Early Childhood

Development (ECD) stage, is taught the difference

between mathematics and statistics in a pedagogical

format suitable for the environment, e.g., through visual

learning and manipulation of counting toys. At the

primary school stage, the distinction must be made

clear, and learners must appreciate early what statistics

is and what mathematics is, such that by the high

school stage, a student will easily understand the

difference between the two. As it is, most university

students still do not and cannot distinguish between

mathematics and statistics; worse still, most societal

stakeholders cannot even distinguish between

mathematics and statistics, inasmuch as the two are

related.

Thus, from a managerial perspective, these results,

which show disdain, antipathy, and fear of statistics,

should stimulate innovative strategies for encouraging

and incentivising the uptake and use of statistics in

HEIs in both developed and developing nations. It is not

enough to force a reluctant student to pass a module

that is vital in life by means of regulations which are a

form of a harsh take-it-or-leave-it policy. Rather,

stimulating students would increase interest and effort

and may increase pass rates in statistical education.

Management should take a holistic approach and also

focus on the facilitators and their special needs for the

subject, which is consistently failed at most HEIs.

Monetary incentives must be the last resort in a

functional system. The first reward managers must

consider is adequate facilities, time, and support for the

facilitator or statistics teacher, as they would give to a

teacher handling special needs students in any

institute. In the current dispensation (the COVID-19

era), where virtual learning may be the new norm, the

use of online learning for statistical students who

already struggle with contact or face-to-face lectures

needs a thorough revision and new modes of

transmission. Adequate e-assessment, follow-ups, and

stimulation of self-help approaches to benefit weaker

students need to be instituted with the statistics

teacher at the forefront, as they are the managers of the

students’ learning. Practical and computer-simulated

real-life data need to be used online to stimulate

students who tend to lose interest in complex

mathematical calculations, and management needs to

provide adequate IT support for learners and teachers.

5. Conclusions and

Recommendations

This study indicated that the perceived difficulty of

statistics, low statistics self-efficacy in tandem with a

lack of supporting and facilitating conditions such as

modern statistics supporting ICT infrastructure and a

conducive teaching and learning environment has led

to fear, stress, anxiety, and antipathy towards statistics

and research methods among students. Of significance

is that half of the students interviewed still regard

statistics as an imperative component of their training

and future career pathways. Students and lecturers

alike recommended a paradigm shift in teaching and
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learning statistics underpinned by supportive

infrastructure, a correctly aligned curriculum with a

strong emphasis on the frequent use of e-learning and

assessment modes, and collaborative learning using

practical daily examples familiar to learners. In the

future, the administrative and policy challenge is to

off‑set massification, optimise resource allocation, and

address the need to reduce class sizes in statistical

education, which guarantees individualised attention

for the benefit of weaker students in resource-

constrained developing countries.
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