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Abstract 

Statistical packages are software tools designed to assist with data analysis, statistical modelling, 

and visualization. They provide a user-friendly interface for performing complex statistical 

procedures without requiring advanced programming skills. These packages often include a range 

of statistical tests, data manipulation functions, and graphing capabilities, making them essential 

for research in social science discipline such as mathematics education. Some popular statistical 

packages include SPSS, SAS, R, GenStat, and Stata, each offering unique features and strengths to 

cater to different types of data analysis tasks. They help researchers, including mathematics 

education students, to avoid routine mathematical mistakes and produce accurate findings in 

their research. However, the acceptance and usage of these packages by student-researchers are 

below expectation given the present dearth of skills and motivation for deploying computational 

techniques in educational research. Theoretically grounded on self-efficacy theory, technology 

acceptance model, and expectancy-value theory, this article intends to conceptualize the 

dynamics of statistical package utilization among mathematics education students by exploring 

the foundational issues of educational research, statistics, available statistical software (SS), factors 

limiting usage, and measures for encouraging improved usage. This presentation stands out by 

addressing gaps in previous research, which often overlooked the unique challenges 

undergraduates face in adopting SS, focusing on the mathematical rigor and specific needs of 

mathematics education students, offering discipline-specific insights and strategies. By doing so, 

it not only enriches understanding but also provides practical recommendations to enhance 

software proficiency and statistical literacy required for driving innovations and advancements 

across science, technology, engineering, and mathematics fields. 

Keywords: statistics, statistical packages, mathematics education, mathematics education 

undergraduates, student-researchers, research impact 

 

INTRODUCTION 

Statistical software (SS) packages are essential tools in 
undergraduate education, enabling students to perform 
complex data analyses and gain practical experience in 
statistical methods. The integration of these tools into 
curricula enhances students’ analytical skills and 
prepares them for data-driven decision-making in 
various fields. The utilization of SS among 
undergraduates is a critical component of modern 
education, enhancing students’ analytical capabilities 
and preparing them for data-centric careers. Integrating 

these tools into curricula, supported by appropriate 
resources and training, is essential for fostering a 
comprehensive understanding of statistical methods and 
their applications in science, technology, engineering, 
and mathematics (STEM) (Abah, 2018). 

Researchers in a wide range of disciplines rely 
heavily on SS packages to process, analyze, and interpret 
data. The use of these tools enables researchers to apply 
complex statistical methods to large datasets, which 
would be impossible to analyze manually. Over the past 
few decades, the availability and advancement of SS 
have revolutionized the way research is conducted, 
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making it faster, more efficient, and more accurate (Khan 
& Memon, 2021). As technology continues to evolve, so 
too does the sophistication and diversity of these tools, 
contributing to more informed and nuanced insights. 

One of the most prominent SS packages used by 
researchers is statistical package for the social sciences 
(SPSS). Originally developed for social science research, 
SPSS has become widely used in various fields such as 
psychology, healthcare, education, and market research. 
Its user-friendly interface and ease of use make it 
particularly attractive for researchers who may not have 
extensive backgrounds in statistics (Bala, 2016). SPSS 
provides a variety of statistical tests, data management 
features, and a graphical user interface that allows users 
to conduct analyses without needing to write code. 

Another popular software tool for researchers is R, an 
open-source statistical computing environment. R has 
gained significant traction in academic research due to 
its versatility, extensive package library, and ability to 
handle complex analyses. Researchers in fields like 
biostatistics, economics, and social sciences utilize R for 
tasks ranging from basic descriptive statistics to 
advanced modeling techniques. R’s flexibility allows 
researchers to extend its capabilities with custom 
functions and scripts, making it ideal for researchers 
who need more control over their analyses (Culpepper 
& Aguinis, 2011). 

For researchers in fields that require heavy data 
manipulation and analysis, statistical analysis system 
(SAS) is another widely used tool. SAS is known for its 
robust data management capabilities and powerful 
statistical procedures. It is particularly prevalent in areas 
like epidemiology, clinical research, and finance, where 
large datasets require sophisticated analyses. While SAS 
is often associated with corporate and government 
research, its usage in academia is also substantial, 
particularly for research requiring high-performance 
computing and large-scale data processing (Pituch & 
Stevens, 2015). 

Stata, which is widely used in economics, public 
health, and political science, is another critical tool for 
researchers. Known for its powerful data manipulation 
capabilities, Stata provides a variety of statistical tests 
and advanced econometric methods (Mehmetoglu & 
Jakobsen, 2022). Researchers frequently turn to Stata for 

its ability to manage large datasets and its intuitive 
command syntax, making it easier to learn than some 
other tools. Stata’s popularity also comes from its ability 
to handle complex survey data, panel data, and 
longitudinal data analysis. 

In addition to these widely known packages, newer 
and emerging tools such as JASP and Jamovi are 
becoming more common in research (Kangiwa et al., 
2024). These open-source platforms provide an easy-to-
use graphical interface while integrating the power of R 
under the hood. Both JASP and Jamovi focus on making 
statistical analyses accessible to users who may not have 
programming expertise (Şahin & Aybek, 2019). This 
democratization of statistical analysis is especially 
helpful in fields like psychology and education, where 
researchers may not have formal training in statistics but 
still need to conduct robust data analysis. 

Similarly, MATLAB, primarily known for its 
applications in engineering and physical sciences, is also 
a powerful tool for statistical analysis. Researchers in 
fields like engineering, physics, and finance often use 
MATLAB for its computational power and ability to 
handle complex mathematical models. While it is more 
programming-intensive than software like SPSS, 
MATLAB’s flexibility and extensive functions make it an 
essential tool for researchers dealing with simulations, 
optimization, and other specialized analyses (Niazai et 
al., 2023). 

A growing trend among researchers is the use of 
Python with statistical libraries such as NumPy, SciPy, 
and Pandas (Lemenkova, 2019). Python’s open-source 
nature, ease of learning, and extensive libraries make it 
an attractive choice for researchers in data science, 
machine learning, and artificial intelligence (AI). 
Python’s ability to perform statistical analyses, 
combined with its broader capabilities in data cleaning, 
visualization, and web scraping, makes it increasingly 
popular in fields where big data and complex algorithms 
are involved (Harouni, 2024). 

Obviously, there exist a countless array of statistical 
tools for researchers to choose from. The choice of SS can 
also be influenced by the size and scope of the dataset. 
For researchers working with large datasets, tools like 
Hadoop or Apache Spark may be utilized in conjunction 
with statistical packages to handle the processing and 

Contribution to the literature 

• This review has successfully demonstrated the pivotal role of statistical knowledge in research endeavours 
and elaborates on the attitude of mathematics education students towards data analysis. 

• By re-conceptualizing the self-efficacy theory, the technology acceptance model and expectancy-value 
model in the context of utilization of statistical packages by mathematics education students, this study 
connects students-researchers’ effort-making to efficient performance in statistical data analysis. 

• The recommendations for utilization of statistical packages for innovation and advancement across stem 
fields are practical nuggets that contribute richly to the body of knowledge on statistical packages 
utilization by student-researchers. 
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analysis of big data (Ahmed et al., 2020). These tools are 
essential in fields like genomics, finance, and social 
media research, where vast amounts of data must be 
processed efficiently. The integration of these big data 
technologies with SS packages enables researchers to 
scale their analyses, ensuring that results are timely and 
relevant (Singh et al., 2025). 

Student researchers also face the challenge of 
selecting the most appropriate statistical package based 
on their research objectives. For example, in clinical 
research, GraphPad Prism is a popular choice due to its 
specialized capabilities for analyzing biological and 
medical data (Berkman et al., 2019). In contrast, Minitab 
is frequently used in industrial research and quality 
control for its user-friendly interface and reliability in 
conducting basic statistical analyses (Akers, 2018). Each 
software package has its own strengths and limitations, 
and researchers often choose one based on the specific 
requirements of their study. 

Student researchers’ use of SS packages is influenced 
by practical considerations such as cost, licensing, and 
availability of resources. While open-source tools like R 
and Python are cost-effective, commercial software 
packages like SAS and SPSS may require institutional 
licenses or paid subscriptions. The availability of 
training resources and technical support also plays a role 
in software adoption. Many academic institutions 
provide students and researchers with access to software 
tools, often through discounted or site-wide licenses, 
ensuring that researchers have the necessary resources 
to conduct their analyses effectively. However, there are 
underfunded institutions where student researchers lack 
the necessary tools for statistical data analysis. Across 
many institutions in the Global South, the plight of 
mathematics education student researchers in this 
regard is still under-researched.  

Mathematics education students are uniquely 
positioned to leverage statistical packages as powerful 
tools for innovation and advancement across all STEM 
fields. Their foundational understanding of 
mathematical principles, coupled with training in 
pedagogical approaches, allows them to not only grasp 
the intricacies of these software applications but also to 
envision their practical application in diverse scientific 
and technological contexts. By proficiently utilizing 
packages like R, Python (with libraries such as NumPy 
and Pandas), SPSS, or SAS, these students can move 
beyond theoretical concepts to analyze complex 
datasets, identify patterns, model phenomena, and 
derive meaningful insights (Iji & Abah, 2017). This 
hands-on experience in data manipulation and 
interpretation is crucial for fostering an innovative 
mindset, enabling them to contribute to cutting-edge 
research and development in areas such as biomedical 
engineering, environmental science, computational 
finance, and AI. 

The ability of mathematics education students to 
effectively employ statistical packages fosters a 
collaborative environment, bridging the gap between 
abstract mathematical theory and real-world scientific 
inquiry. Their expertise in data analysis allows them to 
support researchers and practitioners in various STEM 
disciplines by providing robust statistical methodologies 
for hypothesis testing, predictive modeling, and data 
visualization (Falebita & Kok, 2024). For instance, in 
engineering, they could help optimize designs based on 
performance data; in biology, analyze genetic sequences; 
and in computer science, evaluate algorithmic efficiency. 
This interdisciplinary utility of statistical packages, 
mastered by mathematics education students, 
significantly accelerates the pace of discovery and 
problem-solving, driving advancements that might 
otherwise be hindered by a lack of sophisticated data 
analysis capabilities within specialized STEM fields. 

Equipping mathematics education students with 
strong statistical computing skills prepares them to be 
future educators and leaders who can inspire the next 
generation of STEM innovators (Abah et al., 2024). By 
demonstrating the practical applications of mathematics 
through data-driven projects, they can make abstract 
concepts more tangible and engaging for their students. 
This not only enhances mathematical literacy but also 
cultivates a crucial skill set demanded by an increasingly 
data-centric world (Asanre et al., 2025). Their proficiency 
in these packages allows them to design and implement 
curricula that emphasize computational thinking and 
data analysis, thereby empowering future students to 
contribute to the ongoing innovation and advancement 
across all STEM fields, from academic research to 
industrial applications (Abah, 2020a). 

Considering the centrality of statistical packages to 
academic and career progress for higher education 
students, it is surprising that there is a poor attitude 
towards the utilization of these platforms by students 
(Soluade et al., 2022). The reported level of utilization of 
statistical tools by undergraduate students is cause for 
concern that is only recently being investigated 
(Sampson et al., 2023). Levels of utilization of SS has been 
linked to perceived competence, value, interest and 
cognitive competence (Hasabo et al., 2022; Osakuade & 
Ifunanya, 2020). Against this backdrop, this presentation 
attempts to conceptualize the dynamics around 
mathematics education students’ utilization of statistical 
packages for innovation and advancement across STEM 
fields. First, the theoretical framework is discussed to 
explain the role of self-efficacy, technology acceptance, 
cognitive load and expectancy value. The conceptual 
framework then looks at the core challenges in 
educational research, statistical methods, accessible SS, 
barriers to utilization, and strategies for promoting 
increased usage. Sound recommendations for effective 
utilization of statistical packages for mathematics 
education research were also offered. 



Abah & Idris / Mathematics education students’ utilization of statistical packages 

 

4 / 22 

THEORETICAL FRAMEWORK 

Self-Efficacy Theory 

Self-efficacy theory, introduced by Bandura (1977), is 
a foundational concept in psychology that explains how 
individuals, beliefs in their ability to succeed in specific 
tasks influence their actions and outcomes. Bandura 
(1977) argued that self-efficacy impacts motivation, 
effort, persistence, and resilience. He identified four key 
sources that shape self-efficacy: mastery experiences 
(successfully completing a task), vicarious experiences 
(observing others succeed), verbal persuasion 
(encouragement from others), and emotional or 
physiological states (managing stress and anxiety). 
These factors collectively determine how confident a 
person feels about undertaking challenging activities. 
Bandura’s (1977) work highlighted the importance of 
self-efficacy in education, workplace performance, and 
personal development. He suggested that individuals 
with higher self-efficacy are more likely to approach 
tasks with confidence and persistence, while those with 
low self-efficacy might avoid challenges or give up 
easily. The theory has been widely applied in various 
domains, including health behavior change, career 
development, and technology adoption. 

Mathematics education students, equipped with 
foundational mathematical knowledge, stand at a 
unique intersection for contributing to innovation and 
advancement across STEM fields. The utilization of 
statistical packages (e.g., R and Python with libraries like 
NumPy/SciPy/Pandas, SPSS, and SAS) is a critical skill 
that empowers these students to translate theoretical 
understanding into practical, data-driven insights. By 
mastering these tools, they can engage in sophisticated 
data analysis, modeling, and visualization, which are 
indispensable for research, development, and problem-
solving in areas ranging from engineering and computer 
science to biology and environmental studies. This 
proficiency allows them to bridge the gap between 
abstract mathematical concepts and their tangible 
applications, fostering interdisciplinary collaboration 
and driving novel solutions. 

However, the effective utilization of these powerful 
statistical packages is significantly mediated by 
students’ self-efficacy, as posited by Bandura’s (1977) 
self-efficacy theory. Self-efficacy refers to an individual’s 
belief in their capacity to execute behaviors necessary to 
produce specific performance attainments (Bandura, 
1977). For mathematics education students, a high sense 
of self-efficacy in using SS means they are more likely to 
approach complex data challenges with confidence, 
persist in the face of technical difficulties, and ultimately 
achieve successful analytical outcomes. Conversely, low 
self-efficacy can lead to avoidance, reduced effort, and a 
decreased likelihood of engaging with these tools, 

thereby hindering their potential for innovation and 
advancement (Hasabo et al., 2022). 

The cultivation of self-efficacy in this context can be 
fostered through several key mechanisms. Mastery 
experiences, where students successfully complete 
statistical projects using these packages, are paramount. 
These successes build confidence and reinforce the belief 
in their capabilities. Vicarious experiences, such as 
observing peers or instructors effectively utilize the 
software, can also inspire and demonstrate that mastery 
is attainable. Social persuasion, through constructive 
feedback and encouragement from educators, can 
further bolster their self-belief. Managing physiological 
and emotional states, such as reducing anxiety 
associated with complex software, contributes to a more 
positive learning environment and higher self-efficacy. 

Therefore, for mathematics education programs to 
truly empower students for innovation and 
advancement in STEM, it is crucial to integrate hands-
on, project-based learning with statistical packages, 
while also explicitly addressing and nurturing their self-
efficacy (Charalambous et al., 2021). Educators must 
design curricula that provide ample opportunities for 
authentic data analysis experiences, offer supportive 
learning environments, and provide targeted feedback 
that emphasizes students’ growth and capabilities. In 
line with Bandura (1977), by cultivating strong self-
efficacy alongside technical proficiency, mathematics 
education students can confidently leverage statistical 
tools to drive impactful innovations and contribute 
significantly to the ongoing evolution of STEM fields. 

Building on Bandura’s (1977) self-efficacy 
framework, Walker and Brakke (2017) acknowledged 
that fostering statistical self-efficacy and positive 
attitudes about statistics is associated with course 
performance in psychology. Their study hypothesized 
that students enrolled in an advanced undergraduate 
statistics course would have higher self-efficacy for and 
more positive attitudes about statistical concepts and 
conducting analyses compared with students in the 
introductory statistics course. The work assessed 49 
introductory and 67 advanced statistics students 
attending a historically Black college for women at the 
beginning and end of the semester. Results suggest that 
self-efficacy increased across the semester for all 
students, with advanced statistics students having 
higher self-efficacy at the beginning of the semester than 
introductory students as measured by the 6-point 
current statistics self-efficacy (CSSE) scale (mean 
difference = 0.96, confidence interval [CI] [0.54-1.38], t = 
-4.52, p < .0001) (Walker & Brakke, 2017). Baseline 
attitudes toward statistics were positively correlated 
with self-efficacy scales at both time points. However, 
self-efficacy and attitudes were not significantly 
correlated with final course grade. The results suggest 
that students hold rather positive attitudes toward 
statistics and can maintain confidence in their 
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competency for statistical analysis, which may serve 
them well in future pursuits (Walker & Brakke, 2017). 

Evidently, self-efficacy is one of the important factors 
influencing statistical engagement. Salim et al. (2018) 
show the influence of statistics self-efficacy towards 
statistics engagement among undergraduate students 
taking statistics in applied sciences course in Universiti 
Putra Malaysia. A total of 293 students were randomly 
selected from eight different faculties taking this 
statistics course as a compulsory subject. Descriptive 
analysis showed that students have low statistics self-
efficacy with the median score of 2.00. On the other hand, 
the median score for statistics engagement is 4.00 
indicating that students’ statistics engagement was 
moderate. Spearman’s rank correlation analysis showed 
that there is a positive relationship between statistics 
self-efficacy and overall statistics engagement (rs = 0.36; 
p > 0.05). Further analysis shows that statistics self-
efficacy influence statistical engagement among 
students with a contribution of 25%. These findings 
indicate the need for students to have statistics self-
efficacy because this would influence students’ statistics 
engagement and in turn enables them to achieve good 
results in statistics (Salim et al., 2018). 

Similarly, Kaufmann et al. (2022) present results 
showing development and validation of a self-
assessment questionnaire for examining self-efficacy for 
statistics in psychology students. Upon using different 
methodological approaches, we demonstrate that the 
instrument has  

(1) sound psychometric properties, and within the 
sample of university students and  

(2) a robust latent structure disclosing three clearly 
distinctive profiles that are characterized by a 
complex and nonlinear interplay between 
perceived self-efficacy (for basic and advanced 
statistics), statistics anxiety, and students’ belief in 
the relevance of statistics (Kaufmann et al., 2022).  

Bandura’s (1977) theory is especially relevant in the 
context of learning and skill acquisition, as it emphasizes 
the need for positive reinforcement and supportive 
environments. For instance, in learning SS, students gain 
confidence as they experience success in analyzing data, 
observe peers solving similar problems, and receive 
guidance from instructors. Barriers like anxiety and fear 
of failure can be tackled by mathematics educators to 
help students build stronger self-efficacy. Bandura’s 
(1977) self-efficacy theory remains a cornerstone in 
psychological and educational research, demonstrating 
the profound impact of belief systems on behavior and 
outcomes. Its application extends to various fields, 
making it a versatile and enduring framework for 
understanding human motivation and action. 

Technology Acceptance Model 

Technology acceptance model (TAM) originated 
from the 1985 doctoral thesis of Fred D. Davis Jr. at the 
Sloan School of Management, Massachusetts Institute of 
Technology. The primary aim was to create and validate 
a theoretical model explaining how system features 
influence individuals’ acceptance of technological 
systems. The broader goals were twofold: first, to 
enhance understanding of the user acceptance process 
by offering a novel theoretical perspective on the 
successful design of information systems; and second, to 
establish a theoretical basis for a practical user 
acceptance test, enabling developers and users to assess 
and refine processes prior to implementation (Davis, 
1989). 

The integration of statistical packages into 
mathematics education is crucial for fostering 
innovation and advancement across STEM fields, 
particularly when viewed through the lens of the TAM. 
TAM posits that perceived usefulness (the degree to 
which an individual believes that using a particular 
system would enhance their job performance) and 
perceived ease of use (the degree to which an individual 
believes that using a particular system would be free of 
effort) are key determinants of an individual’s intention 
to use a technology (Davis, 1989). For mathematics 
education students, a high perceived usefulness of 
statistical packages, such as GenStat, R, Python libraries 
(e.g., NumPy, SciPy, and Pandas), or commercial 
software like SPSS and SAS, would stem from their 
ability to efficiently analyze complex datasets, visualize 
patterns, and build predictive models. This direct utility 
in solving real-world problems encountered in 
engineering, biological sciences, computer science, and 
other STEM disciplines significantly motivates their 
adoption. 

The perceived ease of use plays a significant role in 
overcoming the initial learning curve associated with 
these powerful statistical tools. Educational institutions 
are expected to provide adequate training and support, 
ensuring that students feel confident and competent in 
navigating the interfaces, understanding the syntax (for 
code-based packages), and interpreting the outputs. 
When students find these packages user-friendly, their 
self-efficacy in data analysis grows, empowering them to 
explore innovative solutions and contribute 
meaningfully to interdisciplinary projects. This ease of 
use directly translates into greater engagement and 
sustained utilization, moving beyond mere theoretical 
understanding to practical application, which is vital for 
genuine advancement in STEM. 

Ultimately, the successful utilization of statistical 
packages by mathematics education students for 
innovation and advancement across STEM fields hinges 
on a continuous feedback loop between perceived 
usefulness and perceived ease of use. As students gain 
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proficiency and witness the tangible benefits of these 
tools in tackling diverse STEM challenges–from 
optimizing industrial processes to developing new 
medical treatments or enhancing AI algorithms–their 
belief in the technology’s utility is reinforced. This 
positive reinforcement, coupled with ongoing 
improvements in software accessibility and pedagogical 
approaches, creates a virtuous cycle where statistical 
packages become indispensable tools for critical 
thinking, problem-solving, and driving transformative 
progress throughout the scientific and technological 
landscape. 

The TAM model has been widely applied in 
education, business, and healthcare to improve 
technology adoption. In the context of SS, TAM suggests 
that students are more likely to develop confidence and 
proficiency when they find the tools easy to use and 
understand their practical benefits (Xulu et al., 2025). 
Training programs that emphasize these aspects can 
enhance students’ technology adoption and learning 
outcomes (Abah et al., 2025). 

Over the years, TAM has evolved, with extensions 
like TAM2 (Venkatesh & Davis, 2000) and the unified 
theory of acceptance and use of technology (Venkatesh 
et al., 2003), further expanding its scope. However, 
Davis’s (1989) original framework remains a seminal 
contribution to understanding human-technology 
interactions, allowing researchers to have theoretical 
basis for empirical investigation into utilization 
behavior. For instance, educators need to know how to 
motivate business students (i.e., future business 
practitioners) to learn and use SS, which can provide the 
practical skills necessary for business professionals to 
analyze data and make informed decisions. Using a 
sample of 207 online MBA students from an AACSB 
accredited university in the Midwest, a modified TAM 
model was examined by Hsu et al. (2009) using LISREL 
8.80. The empirical results show that both computer 
attitude and SS self-efficacy have significant positive 
effects on perceived usefulness (Hsu et al., 2009). In 
addition, it was found that both perceived usefulness 
and perceived ease of use positively influence learners’ 
intentions to use SS, whereas their anxiety with statistics 
has a significant, negative impact on perceived 
usefulness, perceived ease of use and behavioral 
intentions (Hsu et al., 2009). 

Expectancy-Value Model of Behavior 

The expectancy-value model (EVM) has emerged as 
a model for understanding and predicting behavior in 
the process of adopting innovations (Wozney et al., 
2006). Statistical package utilization within the 
education system must have a form of appeal as 
evidenced in its widespread integration by students and 
teachers alike. The EVM in its present state was 
developed by Jacquelynne S. Eccles and her colleagues 

in the early 1980s. In this model choices are assumed to 
be influenced by both negative and positive task 
characteristics, and all choices are assumed to have costs 
associated with them precisely because one choice often 
eliminates other options (Eccles & Wigfield, 2002). As a 
result, the relative value and probability of success of 
various options are key determinants of choice. 

Proponents of EVM posit that students’ beliefs about 
how well they will do on a task (called expectation for 
success) and how they value that task (called subjective 
task value [STV]) are related. They theorize that 
students’ expectation for success and STV predict their 
achievement outcomes and that students are more likely 
to engage in tasks, including supporting their studies 
with statistical packages, that they value and in which 
they expect to do well (Ramirez et al., 2010). 

A visual representation of EVM is depicted in Figure 

1. Expectancies and values are assumed to directly 
influence performance, persistence, and task choice. 

Expectancies and values are assumed to be 
influenced by task-specific beliefs such as perceptions of 
competence and difficulty of different tasks, and 
individual’s goals and self-schema. According to Eccles 
et al. (1983), ability beliefs are conceived as broad beliefs 
about competence in a given domain. 

EVM outlined four component factors of STV. These 
are attainment value, intrinsic value, utility value, and 
cost (Eccles et al., 1983). The importance a student 
attaches to the task is called attainment value. Intrinsic 
value is the students’ interest in or enjoyment from 
engaging in the task. Utility value links the usefulness of 
the task to the students’ future goals such as their 
careers. The relative cost factor refers to why a student 
might try to avoid the task, for example, fear of failure, 
task difficulty, or statistical anxiety. 

According to this model, expectation for success are 
positively influenced by high attainment, intrinsic, and 
utility values, while high cost imposes a negative 
influence (Ramirez et al., 2010). These important values 
are set of stable, general beliefs about what is desirable, 
which emerge from both society’s norms and the 
individual’s core psychological needs and sense of self 
(Feather, 1988). As such, values are one class of motives 
that lead individuals to perform acts they think should 
be done (Eccles et al., 2002). 

Consequently, the EVM is one of the most structured 
models in psychology to predict attitude by measuring 
attitudinal attributes and relevant external variables 
(Zhang et al., 2008). Students’ choice of additional study 
strategies like accessing digital statistical platforms for 
study materials are embedded in the values they placed 
on such alternatives. Students tend to spend more time 
in self-initiated utilization of statistical packages because 
they find personal meaning and relevance in such 
interconnectivity and computational power (Hulleman 
& Harackiewicz, 2009). The expectations for success in 
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the study of statistics provide purposes, or reasons, for 
task and effort while engaged in the activity. 

The use of statistical packages in universities by 
students of mathematics education constitutes an 
innovation with enormous potential for both instructors 
and students. According to the EVM, innovations such 
as statistical packages are more likely to be adopted if the 
perceived value of the innovation and the likelihood (or 
expectancy) of success are high, as well as if these 
benefits outweigh the perceived costs of implementation 
(Wozney et al., 2006). Obviously, usage of computational 
packages by mathematics educators and students enjoys 
high attainment, intrinsic and utility values at very low 
relative cost. That is to say, teachers’ and students’ 
decisions to use an innovation such as SS to augment 
classroom instruction delivery relate to  

(a) how highly they value the innovation,  

(b) how successful they expect their application of the 
innovation to be, and  

(c) how highly they perceive the relative cost of 
implementation. 

The intrinsic value component of the use of statistical 
packages by mathematics education students in 
universities points to a single fact: motivation. 
Motivation arises out of interest and grows into a 
positive disposition toward the study of mathematics. 
Hence, the EVM of behavior boldly indicates the 
development of positive attitude towards mathematics 

education inherent in the utilization of computational 
packages. 

CONCEPTUAL FRAMEWORK 

Statistics 

Statistics is a branch of science that deals with the 
collection, organization, and analysis of data and 
drawing of inferences from the samples to the whole 
population. Statistics are the results of data analysis - its 
interpretation and presentation. In other words, some 
computation has taken place that provides some 
understanding of what the data means (Winters et al., 
2010). Statistics is the fulcrum upon which educational 
research rests. 

Educational research is systematic application of 
scientific method for solving educational problems, 
regarding students and teachers as well. It attempts to 
organize data quantitatively and qualitatively to arrive 
at statistical inferences (Abah, 2020b). Presently, there is 
continuously growing demand for the statistical data 
analysis by researchers highlighting their need for 
statistical methods to be applied in statistical data 
processing. Statistics is widely used in almost all fields 
like biology, botany, commerce, medicine, education, 
physics, chemistry, biotechnology, psychology, zoology, 
to name a few. While doing research in the above fields, 
the researchers must have some awareness in using the 
statistical tools which helps them in drawing rigorous 

 
Figure 1. EVM (Eccles & Wigfield, 2002) 
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and good conclusions. The most well-known statistical 
tools are the mean, the arithmetical average of numbers, 
median and mode, Range, dispersion, standard 
deviation, inter quartile range, coefficient of variation, 
and many others (Rahman et al., 2024). 

Research is systematic. Mathematics education 
research can be defined as a formal, systematic 
application of the scientific approach to the study of a 
problem within mathematics education to discover new 
information or expand and verify existing knowledge. 
Research as used in this definition is an inclusive way to 
accommodate the range of activities that support 
original and innovative work to increase the stock of 
knowledge in the discipline, including knowledge of 
people (students, teachers, administrators, and others), 
culture and society, methods, and technological 
developments. Research can also be defined as any form 
of disciplined enquiry that aims to contribute not only to 
knowledge building but also to theory building (Abah, 
2018). 

What makes research scientific and systematic is the 
use of the right statistical techniques and tools. Right 
statistics is the strength of methodology and not vice 
versa. Statistical procedures, techniques and tools are 
different from statistical packages/software. Research 
writing and reporting should transparently project 
methods of data analysis (statistics) and not versions of 
software packages. 

Researchers are experiencing a transition from 
manual analysis with paper to more efficient 
digital/electronic analysis with SS (Abatan & Olayemi, 
2014). The emergence of SS has undoubtedly contributed 
enormously to the progress in research studies in this 21st 
century. The high premium placed on ICT by society, 
researchers and organizations has undoubtedly made it 
a major drive of every nation (Ghaznavi et al., 2011).  

SS is a vital tool for research analysis, data validation 
and findings. At the present day, all kinds of statistical 
methods are used in various academic fields, depending 
on the experimental data and the tasks that the 
researcher has to solve. In educational psychology, there 
are many areas of statistical methods application, 
ranging from descriptive statistics to inferential 
statistics. Descriptive statistics in mathematics 
Education research include data presentation tools 
(tables, charts, graphs, etc.), measure of central tendency 
(mean, mode, and median), measures of 
dispersion/variability (variance, standard deviation, 
range, etc.), and measures of association/relationship 
(correlation and regression). 

On the other hand, inferential statistics go beyond 
mere presentation and description of data characteristics 
to make projections (hypothesis testing and estimation). 
Inferential statistical procedures are used to establish 
scientific facts and make important decisions. Inferential 
statistical computations are only carried out on data at 

the interval and ratio measurement scale or level (not 
meant for nominal, ordinal and categorical data). 
Inferential statistical tools are either parametric or non-
parametric.  

Parametric statistical procedures lead to decisions 
about key population characteristics (e.g., population 
mean and population variance) by studying related 
sample characteristics (e.g., sample mean and sample 
variance). Parametric statistics are used under strong 
assumptions about the population (assumptions include 
random distribution, independence of groups, normal 
distribution, homogeneity of variance, and no extreme 
outliers). Major parametric tools for mathematics 
education research include normal distribution test (1 
sample), student’s t-test (2 independent samples t-test), 
analysis of variance (ANOVA) (multiple independent 
samples), analysis of covariance (multiple independent 
samples with identical covariates), and factor analysis 
(PCA, EFA, CFA, SEM, path analysis, etc.). 

Nonparametric statistics are distribution free 
procedures that do not rely on assumptions about the 
structure of the underlying population. They are readily 
available as alternatives to parametric statistics where 
assumptions cannot be tested or determined. Some 
examples of nonparametric statistical approaches are, 
McNemar test of change, runs test, Kolmogorov-
Smirnov test, Chi-square test, median test, Mann-
Whitney U test, Wilcoxon signed rank test, Kruskal-
Wallis test, and Friedman’s test. 

Statistical Packages  

Descriptive and inferential statistics are often 
introduced in probability and statistics. The textbook 
that is required, lectures, and regular chalk and board 
drills are all common teaching methods in traditional 
classroom-based statistics courses. However, recent 
technological advancements give educators a fresh 
approach to teaching statistics that is pertinent to and 
adaptable to the needs of the modern educational 
environment. Technology is increasingly being used in 
classrooms, and this has several benefits. The use of 
technology in the classroom can help students learn 
more actively, collaborate better, become more 
independent, and focus on task-based instruction, 
among other things. Nevertheless, despite these 
activities and movements, statistics is still consistently 
viewed as a subject that is dull, difficult, and frightening 
(Jones, 2018). Students often memorize the procedures 
and formulas needed to perform well on exams. 
Additionally, memorizing equations without 
understanding them is low level learning (Leung et al., 
1997). 

Statistical package is a software program that makes 
the calculation and presentation of statistics relatively 
easy. It allows researchers to avoid routine mathematical 
mistakes and produce accurate figures in their research 
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if they input all data correctly. To use most of the 
multidimensional statistical packages no prior 
knowledge of programming is required or assumed, but 
knowledge of basic computer skills and statistics 
appears necessary. 

Spreadsheets have a history spanning over three 
decades. The first, VisiCalc, was developed by Dan 
Bricklin in 1978 and released in 1979. Its premise was 
simple: an endless two-dimensional table where cells 
could hold text, numbers, or formulas. These formulas 
combined standard arithmetic operators with built-in 
functions and could reference the values of other cells 
(Tang, 2011). Despite its simplicity, the spreadsheet 
concept proved highly versatile, finding applications in 
accounting, inventory control, list management, and 
more. This flexibility turned VisiCalc into the first true 
“killer app” of the personal computing era (Tang, 2011). 
In the years that followed, successors such as Lotus 1-2-
3 and Microsoft Excel (MS-Excel) introduced gradual 
enhancements, yet the core idea remained unchanged. 

Multidimensional statistical packages have so many 
features that make them reliable and suitable for data 
analysis. The most common of these features according 
to Abatan and Olayemi (2014) are that many of the basic 
program are evolving. Each time a new version is 
released, problems may be eliminated, error handling 
may improve, new operating systems may be 
implemented, or hardware requirements may change. 
Similarly, most packages use both menus and/or 
command languages. Statistical packages differ in their 
use of menus or command languages. Some use menus, 
some use command, others use both (Abatan & Olayemi, 
2014). 

Statistical packages feature a data editor for easy 
input, a wide array of statistical procedures, powerful 
visualization tools, and data management capabilities 
like import/export, data preparation, and 
transformations. They enable descriptive and inferential 
statistical analysis, predictive modeling, and analysis of 
complex relationships to facilitate data-driven insights 
and decision-making. Key functionalities include 
handling large datasets, generating various chart types, 
and allowing users to trace command flows and save 
their work (Deo & Ranganathan, 2024).  

According to Adeyemi (2009), the use of appropriate 
statistical techniques is a critical requirement for 
effective conduct of social and behavioral research. 
Regarding the role of SS in data analysis, Abatan and 
Olayemi (2014) found that some analysis such as post 
hoc, complex analysis in time series, regression and 
variance analysis cannot be calculated manually 
effectively without SS package. They also stated that SS 
has contributed immensely to social research especially 
in the area of demographic and data analysis. SS 
packages have help mathematics education student 
researchers to improve research expertise; make 

research work robust and faster; make research work 
easy and efficient; minimize human error in data 
analysis; improve the efficiency; make research work 
easy, suitable and enjoyable; and the packages are less 
expensive and some are free. 

A great number of tools are available in these 
packages to carry out statistical data analysis and below 
is a list of most frequently used multidimensional 
software packages for educational data analysis. 

MS-Excel  

MS-Excel is one of the most popular computer 
software programs designed to create spreadsheets and 
is part of the Microsoft Office productivity suite. 
Although MS-Excel is not made for hardcore statistics, it 
can perform most popular statistical analysis ranging 
from mean and standard deviation to multiple 
regression ANOVA using excel ‘Toolpak’. The MS-Excel 
ToolPak is an add-in that provides advanced data 
analysis tools, including statistical, engineering, and 
financial functions not available in standard Excel. It 
enables users to perform complex calculations such as 
regression, ANOVA, and descriptive statistics with ease 
through a user-friendly interface. The excel Toolpak is an 
add-in that you must first install before you can use it. 
With this tool, you can make simple analysis and create 
charts about your current statistical data. Other third-
party add-ins such as RealStat are also available and 
compatible across different versions of MS Excel. Excel 
also includes many formulas and other tools to complete 
statistical analyses (Peck et al., 2001). Even though Excel 
perform most general statistical analyses, on its own, it 
is found very weak in regression, logistic regression, 
survival test, ANOVA, factor analysis and multivariate 
analysis (Abatan & Olayemi, 2014). 

MINITAB  

MINITAB is a complete SS used by researchers from 
different field of study. It was developed around 1990 
and remains one of the most popular SS programs 
available. It is also one of the easiest SS programs to use 
and remains a popular choice. MINITAB is compatible 
with PC, Macintosh, Linux, and all other major 
platforms. With drop-down menus and dialogue boxes 
describing how and what to do next, MINITAB persists 
as an academic choice for teaching and learning statistics 
and data analysis. It performs most general statistical 
analyses (regression, logistic regression, survival 
analysis, ANOVA, factor analysis, but has its 
weaknesses in the general linear model and multilevel 
regression (Abatan & Olayemi, 2014). MINITAB uses 
interactive menus and is easy to use and learn. Unless 
that it has limited data management facilities and 
appropriate for very large data sets such as census 
results.  
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MATLAB  

MATLAB, which stands for Matrix and Laboratory, 
is a numerical computing environment and fourth-
generation computer programming language. 
Developed by MathWorks, MATLAB allows matrix 
manipulations, plotting of functions and data, 
implementation of algorithms, creation of user 
interfaces, and interfacing with programs written in 
other languages, including C, C++, Java, and FORTRAN. 
Although MATLAB is intended primarily for numerical 
computing, it allows access to symbolic computing 
capabilities. If one is not a programmer, a programmer 
can be hired to implement a specific model.  

 Attaway (2022) identified MATLAB as the richest 
statistical systems by far. It contains an impressive 
number of libraries, which is growing each day. Even if 
a much-desired specific model is not part of the standard 
functionality, it can be implemented, because MATLAB 
is really programming language with relatively simple 
syntaxes. As a “language,” it allows expression of any 
idea. MATLAB has much better graphics. MATLAB 
performs most general statistical analyses (regression, 
logistic regression, survival analysis, ANOVA, factor 
analysis, and multivariate analysis). The greatest 
strength of MATLAB is probably in its ANOVA, mixed 
model analysis and users’ creative freedom in the 
analysis (Martinez, 2021).  

SAS  

SAS is a package that many “power users” like 
because of its power and programmability. SAS also 
offers an interactive matrix programming language and 
exploratory data analysis with integration into R which 
is very beneficial. According to experts, SAS is somehow 
difficult to learn compared to other packages (Shrink, 
2025). To use it, one must learn to write its program that 
manipulate data and perform data analyses. If one 
makes a mistake in a SAS program, it can be very 
difficult to identify where the errors occurred or how to 
correct them. However, it can take a long time to learn 
and understand data management in SAS than many 
other packages (Motiso, 2025). However, SAS can work 
with many data files. It can handle enormous data files 
up to 32,768 variables and the number of records is 
generally limited to the size of a hard disk. SAS performs 
most general statistical analyses (regression, logistic 
regression, survival analysis, ANOVA, factor analysis, 
multivariate analysis, etc.). The assertion that SAS’s 
greatest strengths are ANOVA, mixed model, and 
multivariate analysis, and its weaknesses are ordinal and 
multinomial logistic regression (Yallati & Joshi, 2020), is 
partially correct, as SAS excels in advanced statistical 
modeling such as ANOVA and mixed models, but it can 
perform ordinal and multinomial logistic regression, 
and the complexity of these models is a challenge rather 
than an inherent weakness of the software itself 

(DexLab, 2025). While older sources might suggest 
relative difficulty or limitations with certain regression 
types, modern SAS versions have comprehensive 
capabilities for these analyses, and the difficulty often 
stems from the model’s complexity and data 
requirements (SAS Support, 2025).  

STATA  

The name STATA is a syllabic abbreviation of the 
words: “statistics” and “data.” It is a powerful, complete, 
integrated statistical package that provides everything 
you need for data analysis, data management, and 
graphics. STATA is produced by Stata Corp in College 
Station, TX. STATA is not sold in modules, which means 
you get everything you need in one package. And one 
can also choose a perpetual license, with nothing more 
to buy ever. STATA is most commonly used for cross-
sectional and panel data, but it is not as suitable for time-
series data as the Econometric Views (E-Views). There 
are several versions of STATA, such as STATA/IC, 
STATA/SE, and STATA/MP. The difference is basically 
in terms of the number of variables STATA can handle 
and the speed at which information is processed. For 
example, Stata/SE is a special edition that can handle up 
to 32,766 variables.  

SPSS  

SPSS was released in its first version in 1968 after 
being developed by Norman H. Nie, Dale H. Bent and C. 
Hadlai Hull before been acquired by the IBM 
Corporation as late as in 2009. It is now officially referred 
to as IBM SPSS. IBM SPSS is a statistical package used by 
researchers worldwide. It is a user-friendly package, and 
various statistical tests could be conducted using it. It is 
used in all field of endeavors. SPSS undertakes both 
comparison and correlational statistical tests in the 
context of univariate, bivariate and multivariate analysis 
for both the parametric and non-parametric statistical 
techniques. SPSS assists the user in describing data, 
testing hypotheses and looking for a correlation between 
one or more variables. SPSS is very suitable for most 
regression analysis and different kinds of ANOVA 
(regression, logistic regression, survival analysis, 
ANOVA, factor analysis, and multivariate analysis but 
not suitable for time series analysis and multilevel 
regression analysis).  

R  

R is a language and environment for statistical 
computing and graphics. It is a GNU project which is 
similar to the S language and environment which was 
developed at Bell Laboratories (formerly AT&T, now 
Lucent Technologies) by John Chambers and colleagues. 
R’s richness primarily comes from its vast ecosystem of 
packages. It has a comprehensive collection of tools for 
almost any statistical analysis, data visualization, or 
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machine learning task (Code Academy, 2025). This is a 
huge advantage. They contain an impressive number of 
libraries, which is growing each day. Even if a much-
desired specific model is not part of the standard 
functionality, you can implement it yourself, because R 
is really a programming language with relatively simple 
syntaxes. In terms of modern applied statistics tools, R 
libraries are somewhat richer. Also, R is a free software 
which can virtually be downloaded from different sites. 
R performs most general statistical analyses (regression, 
logistic regression, survival analysis, ANOVA, factor 
analysis, and multivariate analysis). The greatest 
strengths of both are probably in its ANOVA, mixed 
model analysis and user’s creative freedom in the 
analysis (Todorov, 2024)  

E-Views  

E-Views is a statistical package for windows, used 
mainly for time-series oriented econometrics analysis. It 
was developed by quantitative micro software and is 
now a part of IHS. Version 1.0 was released in March 
1994. E-Views can be used for general statistical analysis 
and econometric analyses, such as cross-section and 
panel data analysis and time series estimation and 
forecasting. E-Views relies heavily on a proprietary and 
undocumented file format for data storage. However, for 
input and output, it supports numerous formats, 
including databank format, MS Excel format, SPSS, SAS 
and Stata (Aljandali & Tatahi, 2018). 

GenStat 

GenStat is a comprehensive SS package widely used 
for data analysis in research, particularly in agriculture, 
bioinformatics, and plant breeding. It is known for its 
powerful capabilities in analyzing complex 
experimental designs, such as split plot, randomized 
complete block, and incomplete block designs, which are 
common in biological and agricultural research. The 
software offers a rich set of statistical tools, including 
ANOVA, regression analysis, multivariate analysis, and 
linear mixed models. One of its key strengths is its ability 
to handle large datasets and complex data structures 
efficiently. GenStat also provides a flexible command-
line interface, allowing users to write scripts for 
repetitive tasks and advanced analyses, making it a 
favorite among experienced statisticians and researchers 
(Payne, 2009). 

In addition to its analytical power, GenStat has a 
user-friendly graphical interface that simplifies data 
management, visualization, and routine statistical tests 
for less experienced users. The software includes 
specialized routines for genetic analysis, such as the 
analysis of quantitative trait loci and marker-assisted 
selection, which are essential for modern breeding 
programs. It also provides tools for exploratory data 
analysis, including various plots and charts that help 

users understand their data better before performing 
formal statistical tests. GenStat’s robust documentation 
and active user community ensure that users can find 
support and guidance when needed, making it a reliable 
and versatile tool for a wide range of statistical 
applications. 

Python 

Python serves as an excellent statistical package for 
mathematics education students, offering a powerful 
and accessible platform for learning and applying 
statistical concepts. Unlike traditional calculators or 
proprietary software, Python is an open-source language 
with a clear, readable syntax that makes it easier for 
students to grasp computational thinking. The use of 
libraries like NumPy, Pandas, and Matplotlib allows 
students to perform complex statistical analyses, from 
descriptive statistics and data manipulation to creating 
insightful visualizations. By writing their own code, 
students gain a deeper understanding of how statistical 
formulas and methods work “under the hood,” moving 
beyond simply plugging numbers into a black box. This 
approach not only reinforces their mathematical 
knowledge but also develops critical problem-solving 
and programming skills that are highly valued in many 
modern careers (Paffenroth & Kong, 2015).  

For mathematics education students, the integration 
of Python into the mathematics curriculum can also 
bridge the gap between abstract theory and real-world 
application. For instance, students can collect and 
analyze their own datasets, such as survey results or 
public data, to answer questions that are relevant to 
them. They can explore concepts like probability 
distributions, regression analysis, and hypothesis testing 
by building simulations and models. This hands-on, 
project-based learning fosters a more engaging and 
active learning environment (Nikula et al., 2007). 
Moreover, Python’s versatility means it can be used for 
a wide range of mathematical topics beyond statistics, 
including algebra, calculus, and linear algebra, 
providing students with a single, powerful tool they can 
use throughout their mathematical journey (Harvey et 
al., 2014). 

Factor Limiting the Use of Statistical Packages by 
Mathematics Education Student Researchers 

There are several factors limiting the use of statistical 
packages by student researchers. In the view of 
Brezavšček et al. (2016), the most influential factors are 
found to be statistics anxiety and statistics learning 
value. Several other researchers have explored the 
factors limiting the use of statistical packages in 
educational research, with the most critical barriers 
being the high cost associated with proprietary software 
such as SPSS and Stata. The high cost of proprietary 
software like IBM SPSS Statistics and Stata is a significant 
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barrier because these programs require a paid license, 
which can be a substantial upfront or recurring expense 
for individuals and organizations. While these packages 
offer advanced features, a user-friendly interface, and 
dedicated support, the need to purchase licenses restricts 
access, especially for students, researchers, and smaller 
institutions, making the high cost a critical challenge for 
many users in the field (Ozgur et al., 2015). 

While free alternatives like R are available, the lack of 
comprehensive training programs poses a significant 
challenge. Educational institutions often fail to provide 
resources for learning, leaving student researchers 
unprepared to use these tools effectively. Even with R’s 
open-access appeal, its programming requirements can 
deter those unfamiliar with coding, further 
compounding accessibility issues. 

Hammerman and Terc (2004) identified the perceived 
complexity of SS as a major limiting factor. Tools like 
SAS, with their advanced functionalities and intricate 
syntax, are often seen as intimidating by non-experts. 
Researchers without a strong background in statistics 
may find it difficult to navigate these platforms, leading 
them to rely on simpler but less effective methods. 
Additionally, compatibility issues, such as poor 
performance on older hardware or inefficiencies with 
large datasets, add to the challenges (Contero et al., 
2023). 

Broadly, institutional and cultural factors play a 
substantial role in limiting the use of statistical packages. 
Many universities in developing countries do not 
prioritize investments in software licenses or technical 
support, leaving researchers without essential resources. 
Moreover, the reliance on traditional tools, such as 
spreadsheets, persists due to familiarity, even when 
these tools are insufficient for complex data analysis. 
Addressing these barriers requires a cultural shift 
towards embracing modern statistical tools, 
accompanied by targeted capacity-building initiatives. 
Some educational researchers though that the use of 
statistical packages cannot in any way affect their 
productivity. To so many others, not even the 
knowledge of statistics is necessary. They believe that 
knowledge of statistics is a specialization made for some 
special people. 

Likewise, using statistical package to many 
educational researchers is a myth; not something 
possible. Many educational researchers have phobia of 
operating even the simplest computer package, not to 
mention what they consider as highly complicated as 
statistical packages. What some educational researchers 
believed is that statistical packages are specially 
designed program for researchers in pure and applied 
sciences, and for those in core statistics. However, 
according to Brezavšček et al. (2016), most statistical 
packages are multidimensional and take care of a variety 
of field of endeavors. 

Evidently, key factors that limit the use of statistical 
packages include the steep learning curve for users, high 
software costs, poor data quality, and anxiety related to 
statistics and software use. For the results to be reliable 
and actionable, these challenges must be managed 
effectively. The factors discussed in this section can be 
summarized into three key categories. 

User-related factors 

1. Lack of statistical and technical knowledge: 
Many users lack the foundational statistical 
knowledge to select appropriate tests or interpret 
results correctly. This can lead to misapplication 
of methods and misleading conclusions. 
Furthermore, some packages, especially open-
source options like R, require programming 
knowledge that can be a barrier for non-
programmers. Also, some researchers think that 
learning statistics is not important because there 
are experts who can do the statistical work for 
them (Gal & Ginsburg, 1994). One cannot learn 
statistics unless he believes that he can use it in his 
daily life to stimulate his thinking, learn to solve 
his problems, participate in inquiry activities, and 
satisfy his own curiosity when learning statistics 
(Dani & Al Quraan, 2023). 

2. Statistics anxiety: A user’s fear or anxiety about 
statistics and mathematical concepts directly 
influences their willingness to engage with SS. 
This can be a significant psychological barrier, 
particularly for students and researchers without 
extensive quantitative training (Felix et al., 2024). 

3. Steep learning curve: The sheer number of 
features, specialized jargon, and complex syntax 
in SS can be overwhelming for new users. A steep 
learning curve demands a significant time 
investment to achieve proficiency, which can 
deter casual or infrequent users. 

4. Poor communication of results: Knowing how to 
generate results is not enough; researchers must 
also be able to communicate their findings clearly 
to non-technical audiences. This can be difficult 
when trying to translate complex statistical 
outputs into simple, actionable insights 
(Vandever, 2020).  

Software and data-related factors 

1. High cost: Many commercial statistical packages, 
such as SPSS and SAS, have high licensing costs, 
making them inaccessible for individual users, 
students, and smaller organizations. While free, 
open-source alternatives like R and Python exist, 
they may require more time and skill to use. 

2. Poor data quality: SS can only produce 
meaningful results with good data. Flawed data, 
containing inaccuracies, inconsistencies, missing 



EURASIA J Math Sci Tech Ed, 2026, 22(7), em2860 

13 / 22 

values, or selection bias, will lead to unreliable 
output. The time-consuming process of data 
cleaning is often a major hurdle in data analysis 
projects. 

3. Difficulty with “big data:” Some SS packages, 
such as SPSS, are not designed to handle massive 
datasets, limiting their use in big data analytics. 

4. Misuse and misinterpretation: Statistical 
packages can be misused, either accidentally or 
intentionally, to produce misleading results. The 
possibility of misinterpretation is high, as the 
software’s automated functions can hide 
underlying statistical assumptions from the user 
(see Abah, 2018 for details).  

Organizational and logistical factors 

1. Lack of training and mentorship: In academic 
and corporate settings, there is often inadequate 
training or mentorship available to help users 
overcome the challenges of statistical analysis. 
This can result in limited adoption and 
underutilization of powerful software 
capabilities. 

2. Shortage of skilled talent: The market suffers 
from a shortage of data scientists and analysts 
with hands-on skills. This lack of talent means 
organizations may not have the in-house expertise 
to fully leverage statistical packages. 

3. Poor data governance: Without a strong 
organizational culture that values and governs 
data quality, the accuracy of statistical analysis is 
undermined. This can lead to inconsistent data 
collection and analysis, which limits trust in the 
results. 

Research has consistently verified the dynamics of 
these factors. For instance, Finney and Schraw (2003) 
developed measures of CSSE and self-efficacy to learn 
statistics (SELS) to address whether statistics self-
efficacy is related to statistics performance, and whether 
self-efficacy for statistics increases during an 
introductory statistics course. Both instruments yielded 
reliable, one-factor solutions that were related positively 
to each other and to two measures of statistical 
performance (i.e., specific statistical problems and 
overall course performance). The CSSE and SELS also 
were related positively to math self-efficacy and 
attitudes towards statistics but related negatively to 
anxiety. Changes between two different testing 
occasions using the CSSE indicated that statistics self-
efficacy increased almost two standard deviations over a 
12-week instructional period. 

Obviously, when statistical activities are too difficult, 
many student researchers give up or only do the easy 
parts. When they find the statistics content of their 
research difficult, they do not put effort into learning the 
statistics, rather they drop the idea no matter how big or 

good it is. In this regard, Perepiczka et al. (2011) 
emphasized that statistics plays an integral role in 
graduate programs. However, numerous intra- and 
interpersonal factors may lead to successful completion 
of coursework needed in this area. The authors 
examined the extent of the relationship between SELS 
and statistics anxiety, attitude towards statistics, and 
social support of 166 graduate students enrolled in 
master’s and doctoral programs within colleges of 
education. Results indicated that statistical anxiety and 
attitude towards statistics were statistically significant 
predictors of SELS, yet social support was not a 
statistically significant predictor of self-efficacy. Insight 
into how student researchers respond to statistics 
courses and implications for educators are well 
established in literature (Garfield & Ben-Zvi, 2004; 
Garfield & Ben-Zvi, 2008; Heaton & Mickelson, 2002; 
Lovekamp et al., 2017). 

WAYS TO ENCOURAGE THE USE OF 
STATISTICAL PACKAGES AMONG 
MATHEMATICS EDUCATION STUDENT 
RESEARCHERS 

Encouraging the use of statistical packages among 
student researchers is essential for enhancing the quality 
and reliability of research findings. These tools, such as 
SPSS, R, and STATA, enable researchers to conduct 
complex data analyses efficiently, allowing them to draw 
meaningful conclusions from their studies. Key 
strategies include integrating SS training into research 
methodology courses, providing access to user-friendly 
software, and organizing workshops to build technical 
competence (Cujba & Pifarré, 2024). Institutions can also 
foster collaboration by creating networks or 
communities of practice where researchers can share 
experiences and skills. Additionally, offering incentives, 
such as funding for software subscriptions and 
recognizing research excellence through publications, 
can motivate researchers to embrace these tools. Studies 
have shown that targeted training programs and 
consistent institutional support significantly increase the 
adoption of SS in academic environments (Kwashabawa, 
2021). 

To encourage mathematics education student 
researchers to use statistical packages, focus on practical 
training, emphasize the real-world relevance of data 
analysis, integrate technology into the curriculum, and 
foster a supportive environment through mentorship 
and collaborative learning. Making statistical tools 
accessible, using student-centered approaches, and 
highlighting the efficiency and exploratory power of 
software can also increase adoption and positive 
attitudes toward statistical analysis (Kallivokas, 2023).  

The acquisition of proficiency in statistical analysis 
software presents several initial challenges for learners. 
The extensive range of features, functions, and 
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commands can appear overwhelming, particularly to 
novices who may struggle to identify where to begin. A 
gradual learning strategy, emphasizing the mastery of 
fundamental operations before progressing to more 
advanced tools, has been shown to mitigate these 
difficulties (Zavez & Harel, 2025). Equally critical is a 
solid grounding in mathematics and statistics, without 
which the accurate interpretation of outputs and 
analytical results remains problematic. Structured 
learning opportunities, such as formal courses or 
targeted workshops, can serve to strengthen this 
foundation and thereby enhance the effective 
application of SS. 

In addition to theoretical preparation, meaningful 
engagement with authentic datasets is vital for 
consolidating skills and contextualizing statistical 
techniques within real-world applications. However, 
learners often encounter obstacles related to technical 
terminology and software-specific jargon, which can 
hinder comprehension. Developing a personalized 
glossary, consulting technical documentation, and 
drawing upon community-based resources can address 
this barrier. Furthermore, the considerable time 
investment required necessitates careful planning, 
including the establishment of realistic goals and 
consistent practice schedules. Active participation in 
professional or peer-learning networks provides not 
only practical guidance but also essential social and 
intellectual support, ultimately facilitating the transition 
from novice to proficient user of statistical analysis 
software. 

Some Empirical Studies 

Several studies have examined statistical package 
utilization among student researchers. For instance, 
Osakuade and Ifunanya (2020) undertook a study on the 
attitudes and competence of Nigerian undergraduates in 
statistical analysis using computer packages. This 
descriptive survey study targeted 200 undergraduates 
across various Nigerian universities, using a structured 
questionnaire with a Likert-scale design. The data was 
analyzed using descriptive and inferential statistics. 
Their findings indicate that most students demonstrated 
moderate attitudes and competence in using statistical 
packages like SPSS and MATLAB for data analysis. The 
study emphasized integrating software training into 
curricula and providing technical resources.  

Similarly, Sampson et al. (2023) studied the 
utilization of statistical packages for data analysis among 
postgraduate students in universities in Rivers State. The 
study was guided by four research questions and their 
corresponding null hypotheses. The design for the study 
is descriptive research design. The population of the 
study is 397 postgraduate students in Universities in 
Rivers State with sample size of 91. One instrument was 
used for the study titled “Utilization of statistical 

packages for data analysis (USPDA).” Research 
questions were answered using mean and standard 
deviation. Hypotheses were tested using Z-test at 0.05 
level of significance. Results revealed that statistical 
package is useful to post graduate students and is 
utilized among male and female post graduate students 
in universities in Rivers State and is most used by male 
students. The use of statistical package essentially 
reduces errors in data analysis, presentation and 
interpretation of result in research among students. Most 
schools, companies, business owners’ governmental 
agencies use statistical packages for data analysis and 
presentation of results in either tabular or graphical 
form. Sampson et al. (2023) recommended that students 
as well as teaching and non-teaching staff should learn 
to improve their efficiency on the usage of statistical 
packages especially the one that is suitable for all 
analysis in their areas. 

Dani and Al Quraan (2023) investigates whether 
research students’ choice of research methodology is 
influenced by their attitudes toward statistics. A total of 
81 students from three universities participated in a 
survey that included one open-ended question. 
Quantitative responses were examined using cluster 
analysis and independent sample t-tests to compare 
attitudes between master’s and doctoral students. 
Additional methods, including cross-tabulation, chi-
square tests, and ANOVA, were also employed. The 
open-ended responses were analyzed qualitatively to 
identify recurring themes such as emphasis on 
technique, data, or meaning. The findings of Dani and Al 
Quraan (2023) reveal that postgraduate students in the 
social sciences are generally less inclined to adopt 
quantitative research approaches. Moreover, master’s 
students demonstrated different attitudes toward 
statistics compared to doctoral students. The results 
further indicate that students who perceive statistics 
solely as numerical methods tend to avoid it, opting 
instead for qualitative approaches. Drawing on these 
insights, the study offers recommendations for 
curriculum development. 

In the same vein, Mutz and Daniel (2013) premised 
that Psychology students’ attitudes toward research 
methods and statistics are often considered to influence 
course enrolment, persistence, performance, and the 
overall learning environment. Yet the variability across 
institutions has received little attention, despite its 
significance for teaching purposes given the 
heterogeneity of the student population. This work of 
Mutz and Daniel (2013) introduces a scale informed by 
social psychological research on attitudes, particularly 
their polar and affective dimensions, combined with a 
method for assessing first-year university students’ 
views on research methods and statistics. The approach 
also allows for identifying the proportion of students 
holding positive attitudes at the institutional level. The 
study re-analyzed data from a nationwide German 
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survey conducted in August 2000, which included all 
psychology students who began their studies in the 
1999/2000 academic year (N = 1,490) across 44 
universities. Using multilevel latent class analysis, the 
research sought to classify students into distinct attitude 
profiles while simultaneously categorizing universities 
according to the prevalence of these profiles. Findings 
revealed four latent student clusters arranged along a 
bipolar attitude continuum. Cluster membership was 
influenced by age, grade point average on the school-
leaving exam, and personality traits. Furthermore, two 
university segments emerged: those with an average 
proportion of positively inclined students and those 
with a higher-than-average proportion, labelled as the 
“excellent” segment. Given the diversity within the 
psychology student population, the study underscores 
the need for a variety of learning activities rather than 
relying solely on traditional lecture-based teaching 
(Mutz & Daniel, 2013). 

Another related study by Akimov et al. (2024) 
investigates the determinants of student success in a 
first-year university statistics course. Drawing on a 
unique sample from Westminster International 
University in Tashkent, the findings show that student 
engagement, evident in class attendance and use of 
online resources, remains a key contributor to academic 
performance. In addition, sociodemographic 
characteristics such as age, gender, marital status, 
employment, and prior schooling’s language of 
instruction significantly influence academic outcomes. 
These insights carry important policy implications for 
both the university and the wider national context. 

Banda et al. (2021) considered the angle of the 
teaching methods for statistics instruction. In their view, 
E-learning is one approach to teaching that actively 
engages students in learning statistics. Their study was 
designed to examine both the effects and challenges of e-
learning among students at Mukuba University. A 
quasi-experimental design was employed, with a sample 
of 60 third-year mathematics students enrolled in a 
statistics course. Data were collected through a 
researcher-designed questionnaire and statistics 
performance tests. Students in the experimental group 
were taught gamma and beta functions and probability 
distributions of functions of random variables using an 
e-learning approach, while the control group received 
instruction through traditional methods. Data were 
analyzed using independent sample t-tests, with the null 
hypothesis (H0) tested at the 5% significance level. The 
results showed that e-learning significantly enhanced 
students’ academic performance. Consequently, the 
study recommends adopting e-learning as an alternative 
approach in the teaching of statistics (Banda et al., 2021). 

Adamu (2019) identified general broad challenges 
around software adoption by academic institutions, 
focusing on exploring the challenges and opportunities 
associated with the use of software products in 

Ethiopian higher education institutions. Data were 
collected from six universities through surveys, in-depth 
interviews, and observations to assess the extent of 
software utilization, the challenges faced, and future 
prospects. The findings reveal that software products are 
not sufficiently utilized in Ethiopian higher education 
institutions. Many departments lack software support 
for task execution and the delivery of standardized 
services. Several factors contribute to this inadequate 
use, with a major issue being the lack of awareness or 
commitment among university managers and leaders 
regarding the importance of software adoption. 
Additional challenges include resistance to adopting 
new technologies, absence of documentation or user 
manuals, inadequate infrastructure, unreliable internet 
connectivity, frequent power outages, shortage of 
trained professionals, and high staff turnover (Adamu, 
2019). 

CURRENT AND FUTURE DIRECTIONS OF 
STATISTICAL PACKAGE UTILIZATION 
IN EDUCATIONAL RESEARCH 

In contemporary educational research, statistical 
packages have become essential tools for data analysis, 
enabling researchers to uncover trends, test hypotheses, 
and validate theoretical models (Muenchen, 2012). 
Packages such as SPSS, R, SAS, STATA, and Python-
based libraries are widely used for both descriptive and 
inferential statistical analyses. These tools facilitate 
complex quantitative investigations, such as structural 
equation modeling, multivariate regression, and item 
response theory analysis. Their growing accessibility 
and integration with other data management platforms 
have increased their popularity, particularly in teacher 
education, policy evaluation, and learning outcomes 
research. 

Currently, researchers leverage statistical packages 
for handling large datasets derived from assessments, 
surveys, and longitudinal studies. The rise in mixed-
methods research has also encouraged integration 
between statistical and qualitative analysis tools, such as 
RQDA (for R) and NVivo, ensuring a comprehensive 
approach to examining educational phenomena 
(Onwuegbuzie et al., 2009). User-friendly interfaces in 
tools like SPSS and Jamovi have further empowered 
novice researchers to engage with quantitative data 
without extensive programming knowledge. 
Meanwhile, open-source platforms such as R and 
Python offer more customizable, cost-effective, and 
community-supported alternatives that are gaining 
traction in academic institutions globally (Fielding, 
2012). 

Looking toward the future, the role of statistical 
packages in educational research is expected to evolve 
alongside advancements in AI, machine learning, and 
big data analytics (Andreev et al., 2025). These 
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innovations allow for more nuanced analyses, including 
predictive modeling and learning analytics, which can 
provide real-time insights into student performance and 
instructional effectiveness. Tools like Python’s Scikit-
learn, TensorFlow, and R’s machine learning packages 
are increasingly being integrated into educational data 
analysis workflows. As educational institutions adopt 
data-driven decision-making models, the demand for 
advanced statistical skills and tools will continue to rise. 

Furthermore, the future will likely see greater 
emphasis on cloud-based statistical environments and 
collaborative tools (Khan et al., 2015). Platforms such as 
Google Colab, JASP, and RStudio Cloud are already 
enabling real-time collaboration, version control, and 
remote data analysis, which are particularly beneficial 
for large, interdisciplinary research teams 
(Yadegaridehkordi et al., 2015). In addition, as data 
privacy and ethics become central concerns, future 
statistical packages may integrate stronger data 
governance features, including encryption, 
anonymization, and compliance tracking, particularly in 
studies involving minors or sensitive educational 
contexts (Lee & Jeong, 2016). 

Evidently, the utilization of statistical packages in 
educational research is not only foundational but also 
rapidly expanding in capability and scope. As 
educational data grows in volume and complexity, 
researchers must stay abreast of emerging tools and 
techniques that enhance analytic accuracy and 
interpretability (Kalita et al., 2025). Professional 
development and curriculum revisions in education 
faculties must prioritize statistical literacy and 
competency with modern tools. Ultimately, the future of 
educational research will be shaped by the seamless 
integration of statistical packages into inquiry processes 
that are rigorous, ethical, and impact driven (Gul et al., 
2025). 

RECOMMENDATIONS FOR 
UTILIZATION OF STATISTICAL 
PACKAGES FOR INNOVATION AND 
ADVANCEMENT ACROSS STEM FIELDS 

While some student researchers may delegate 
statistical work to experts, learning statistics is still 
crucial because it enables researchers to understand the 
research methodology, critically evaluate results, avoid 
misinterpretations, and contribute more effectively to 
the decision-making process that relies on statistical 
analysis. Relying solely on experts can lead to a 
superficial understanding and an inability to question or 
interpret the data and methods used, potentially 
undermining the validity of the research  

Embarking on the journey of mastering statistical 
analysis software is a critical step for any aspiring 
mathematics education researcher. The road, however, is 
fraught with challenges that can be daunting. From the 

complexity of the software’s features to the 
mathematical rigor required, learners often find 
themselves facing a steep learning curve. But with the 
right strategies and mindset, these obstacles can be 
overcome, paving the way for a rewarding career in 
mathematics education research that can advance 
innovation across STEM fields. 

Encouraging mathematics education student 
researchers to use statistical packages is essential for 
developing data literacy and producing robust empirical 
studies. Many students experience “statistics anxiety” or 
a lack of self-efficacy when facing SS, which can be 
overcome by providing hands-on, contextualized 
training. The following four recommendations are 
proffered based on the present deliberation. 

Implement Practical, Hands-On Training 

1. Educational institutions should offer mandatory 
software training. They must be intentional in 
incorporating required modules on SS like R, 
SPSS, or JASP into research methods courses. The 
training should move beyond simple instructions 
and focus on practical application using easy-to-
use statistical packages. 

2. Schools should provide mentorship programs. 
They can begin by pairing student researchers 
with faculty mentors or more experienced 
graduate students who can provide personalized, 
one-on-one guidance on how to use statistical 
packages for specific research projects. 

3. Educators can use project-based learning (PBL). 
This approach will encourage mathematics 
education students to work on real-world 
problems and datasets in a project-based learning 
environment. This makes statistics more relevant 
and helps students see the value of SS in solving 
tangible challenges. 

4. Research educators should integrate software into 
assignments. Academic departments must require 
the use of SS in research proposals and thesis 
writing. This gives students a clear incentive to 
master the tools and provides structured 
opportunities for practice.  

Promote Relevance and Reduce Anxiety 

1. There is a need for institutional efforts to connect 
with students’ research interests. Such practice 
would allow student researchers to analyze data 
related to their specific mathematics education 
interests. This increases motivation by letting 
students explore topics they find genuinely 
engaging. 

2. Research methods lecturers must demonstrate the 
“why.” Before teaching the “how,” explain why 
SS is necessary for producing high-quality 
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research. Connect the software’s capabilities to 
specific research questions and analytical needs in 
the field of mathematics education. 

3. Start with user-friendly software. Introduce 
students to packages with a gentler learning 
curve. For instance, JASP provides a user-friendly 
interface for common statistical tests. As students’ 
confidence grows, they can transition to more 
complex and powerful software like R or Python. 

4. Both tutors and student researchers must 
normalize mistakes and anxiety. Schools can 
address statistical anxiety directly by creating a 
supportive learning environment. Emphasize that 
making mistakes is a normal part of the process 
and that the goal is not to be a perfect statistician 
but an effective user of tools.  

Foster a Collaborative Environment 

1. Intervention efforts should be geared towards 
encouraging collaborative work. Instructors are 
expected to implement collaborative learning 
strategies where student researchers work in 
small groups on data analysis projects. This allows 
students to share knowledge and develop 
problem-solving strategies together. 
Collaboration is also welcomed with industry 
experts and data scientists who are versed in 
utilization of different statistical packages. 

2. Educational research methods academics must 
create social learning spaces. There is the need to 
establish a dedicated space, either physical or 
virtual, where students can discuss statistical 
challenges and share tips and tricks. This fosters a 
community of practice and provides a casual, low-
pressure setting for students to get help. 

3. Educational institutions should host workshops 
and special interest group discussions with 
mathematics education students. Universities 
must consistently organize workshops where 
faculty and peers can share their expertise and 
present real-world examples of how SS is used in 
their research.  

Leverage Technology and Resources 

1. Academic institutions must make resources 
accessible. Ensure that students have easy access 
to the required SS, either through free, open-
source options like R or university-provided 
licenses. 

2. Instructors can curate online resources. Teachers 
can create a repository of online tutorials, video 
guides, and code examples relevant to 
mathematics education research. Include guides 
for using visualization and data exploration tools. 

3. Statistics tutors should incorporate reproducible 
analysis. It is important to teach students how to 
use reproducible research tools, such as R 
Markdown, which allow them to integrate their 
code, output, and commentary into a single 
document. This improves research rigor and 
makes sharing and replicating analysis easier. 

CONCLUSION 

Statistical package utilization has become 
indispensable in educational research, reshaping how 
data is collected, analyzed, and interpreted to inform 
practice and policy. The conceptualization presented 
thus far has acknowledged that while widely adopted 
tools such as SPSS continue to dominate due to their 
user-friendly features and robust analytical capabilities, 
the rise of open-source alternatives like R and Python 
reflects a shift toward greater flexibility and innovation 
in research methodologies. The expanding landscape 
underscores both opportunities and challenges, 
particularly the need for enhanced statistical literacy, 
rigorous training, and careful application to avoid 
misinterpretation or misuse. As researchers increasingly 
manage large and complex datasets, the integration of 
these packages ensures more rigorous evidence-based 
decision-making within education. 

Looking ahead, advancements in AI and machine 
learning are expected to further transform SS by 
streamlining data processing, automating analytical 
tasks, and supporting more sophisticated research 
inquiries. These innovations, coupled with user-friendly 
interfaces, collaborative cloud-based solutions, and 
natural language processing, will make advanced 
analyses more accessible while demanding heightened 
attention to ethical considerations such as bias and 
privacy. Ultimately, the evolving capabilities of 
statistical packages will empower mathematics 
education student researchers to conduct more efficient, 
precise, and insightful studies. However, this potential 
can only be fully realized through continuous 
professional development and responsible utilization, 
ensuring that these powerful tools drive meaningful and 
sustainable improvements in mathematics education, 
advancing innovation in STEM generally. 
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