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Abstract  This paper discusses the influence and effectiveness of R programming on senior high school students’ 
data analysis performance and statistical anxiety. The data analysis using R was performed in RStudio – an 
integrated development environment for R. A pretest-posttest quasi-experimental control group design was 
employed in this study. During the intervention phase, the teacher employed R programming as the proposed 
strategy for the experimental group, where students performed data visualization, descriptive analysis, hypothesis 
testing, modelling, and data interpretation, as opposed to the conventional teaching method used in the control group. 
A delayed posttest was then administered to compare the data analysis performance and statistical anxiety of the 
control group and experimental group. One-way analysis of covariance (ANCOVA) revealed that there is a 
significant improvement in data analysis performance and a significant reduction in statistical anxiety among 
students in the experimental group as compared to students in the control group. The implications of this study will 
be useful for research educators, as R programming may be used to promote senior high school students’ data 
analysis performance in quantitative research. 
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1. Introduction 

Teaching and learning process has evolved overtime. Its 
accelerating change has call educators in innovating 
classroom instructions and strategies to cater to the 
learning demands of today's digital native learners. 
Technology-enhanced learning significantly transformed 
traditional classrooms by strategically integrating and 
incorporating technology to improve, amplify, and/or 
enrich learning processes. It encompasses a wide range of 
methodologies such as online courses, digital simulations, 
interactive apps, and virtual environments to name a few. 
In fact, results of the 2018 Programme for International 
Student Assessment (PISA) underscored the importance 
of technology in student's learning. Globally, students 
performed better overall in schools where there were 
sufficient number of devices connected to fast internet 
service, enough software and online support resources, 
and teachers with the training, experience, and time to 
incorporate digital devices into the classroom [1]. 

The Philippines' positive administrator attitude score 
[2], as noted in UNESCO's 2023 GEM Report, suggests 
the country is adopting and using technology in 
curriculum and school management [3]. This means that 

the use of technology in promoting learning is significant, 
as it enhances access to information [4], supports 
personalized instruction [5], increases student engagement 
[6], fosters collaboration [7], and equips learners with 
essential digital skills for the future [8]. 

However, in the long run, this indicator is not enough to 
ensure learning success. It is critical, on a regular cycle, 
that institutions should re-examine and improve classroom 
instructions in meeting student's demands in flexibility 
and accessibility, and taking the potential of technology 
use in to enhance students' learning experiences [9]. 
Challenges in the Data Analysis Classroom 

For many students, especially for the senior high school, 
data analysis is often a daunting task in particular to 
quantitative research. As students engage with data 
analysis tasks, they frequently encounter challenges both 
affecting their performance and psychological well-being 
[10]. These two critical challenges in a data analysis 
classroom are data analysis performance and statistical 
anxiety. Understanding these challenges and exploring 
how technology might help alleviate them is vital to 
enhancing learning outcomes in data analysis. 

Data analysis performance refers to students’ ability to 
effectively apply statistical methods in interpreting and 
presenting data. Many high school students struggle with 
data analysis [11], in particular when it involves 
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unfamiliar concepts like hypothesis testing, regression 
analysis, or the utilization of statistical software. This 
difficulty often stems from the abstract nature of 
quantitative research methods and the cognitive demands 
they place on learners. Students may face cognitive 
overload when they are required to understand both the 
statistical theory and its practical application, at which 
might impair their performance [12,13]. Additionally, a 
lack of prior exposure to these concepts might lead to 
errors in data interpretation and analysis, which can 
negatively affect performance. 

Statistical anxiety is another significant challenge in the 
data analysis classroom [14]. This refers to the fear or 
apprehension that students experience when confronted 
with statistical or data analysis related tasks. Students 
often feel this form of anxiety particularly those who were 
struggling with mathematics or have limited successful 
prior experience with statistical concepts. Statistical 
anxiety may manifest nervousness, fear, and avoidance 
behavior, which often hinders students’ ability to 
effectively and efficiently engage with the learning 
process [15,16]. The pressure to perform well on data 
analysis tasks can exacerbate anxiety which leads to a 
vicious cycle where students might become more 
stressed, which in turn lowers their confidence and 
performance. Students might disengage from learning or 
avoid challenging data analysis activities due to 
statistical anxiety [15]. Students who experience this 
form of anxiety are less likely to ask questions, seek help 
and clarification, or persist when difficulties are 
encountered. This results in poorer learning outcomes 
and, ultimately, can hinder the development of important 
skills in quantitative research [17]. 
R Programming in Teaching 

R programming has been documented in various studies 
as it is utilized in education, highlighting its utility in 
teaching complex statistical concepts. R’s open-source 
nature with extensive libraries and strong community 
support make it an accessible tool for both the teacher and 
students. According to Reu et al. [18], R is considered as a 
versatile tool which bridges theoretical statistical concepts 
to practical data analysis. Additionally, R also provides a 
user-friendly interface for data visualization that help 
students to grasp abstract statistical concepts effectively 
[19]. R programming has been shown to link or align well 
with active learning methodologies. Benakli et al. [20] 
argue that R’s hands-on approach to statistical analysis 
encourages active learning that engages students in 
solving real-world problems. Through the application of R, 
students not only learn how to manipulate and analyze 
data but also develop critical thinking skills and problem-
solving abilities. Interactive environments such as RStudio 
further enhance this learning experience by providing 
immediate feedback, allowing students to experiment and 
iterate with their R codes [20]. 

In today’s data-driven world, data literacy is of vital 
importance as an essential skill. R programming offers 
students a solid foundation to data wrangling, statistical 
analysis, and data visualization. Research by Sodikov [21] 
showed that those students exposed to R programming are 
better equipped to analyzing and interpreting numerical 
results and visualizations from data being analyzed. The 
use of R also encourages students to think critically about 

data sources, potential threats and biases, and its 
implications of the analyses. Preceding discussion support 
that R programming is a highly effective tool for teaching, 
especially in fields that demands data analysis, 
computational thinking, and statistical literacy. 

Its application in educational settings fosters active 
learning where it promotes data literacy and thereby 
enhances students’ problem-solving abilities. While 
challenges remain in its implementation, particularly with 
respect to syntax complexity, coding skills, and required 
instructor expertise, R’s versatility and the growing 
availability of instructional resources make it a powerful 
asset in modern education. As the demand for data-driven 
skills continues to rise, R’s role in shaping the future of 
teaching and learning in data analysis is expected to grow. 

2. Theoretical Framework 

This study is grounded in two theoretical frameworks: 
Cognitive Load Theory (CLT) and the Technology 
Acceptance Model (TAM). Cognitive Load Theory, 
proposed by Sweller [22], posits that learning can be 
optimized when instructions are designed to reduce 
unnecessary cognitive load, since cognitive resources are 
limited. In the context of R Programming, the challenge is 
to ensure that students are not overwhelmed by the 
technicalities of the statistical computation, which will 
allow them to focus on the core concepts of data analysis. 
Reducing this cognitive overload in computations, 
students may develop better data analysis skills and 
perform more effectively in data interpretations. 

On the other hand, the Technology Acceptance Model 
(TAM), developed by Davis [23], offers insight into how 
users come to accept and use technology. According to 
TAM, perceived ease of use and perceived usefulness are 
two key factors influencing technology adoption. In the 
context of R Programming, students’ attitudes toward the 
software are likely shaped by their perceptions of its 
usefulness in solving real-world data problems and its ease 
of use. These perceptions could directly influence their 
willingness to engage with the software and, by extension, 
their performance in quantitative research tasks. 

3. Hypothesis of the Study 

H0: R programming has no significant effect in 
improving students’ data analysis performance and in 
reducing their statistical anxiety. 

4. General Objective of the Study 

This study aims to explore the potential and 
effectiveness of R programming in improving students’ 
data analysis performance and reducing statistical anxiety, 
specifically in the quantitative research subject. 

5. Methodology 

5.1. Research Design and Setting 
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This study uses a pre-test post-test quasi-experimental 
research design. Here, the intervention (R programming) 
is introduced to the experimental group while the control 
group utilizes the traditional manual computation for data 
analysis. The study was conducted at a local senior high 
school in the Philippines. 

5.2. Participants and Sampling 
Participants of the study were two intact sections of the 

Grade 12 Science, Technology, Engineering, and 
Mathematics (STEM) strand, who were currently taking 
their Practical Research 2 subject (Quantitative Research). 
One section was assigned as the control group while the 
other section was assigned as the experimental group. The 
assignment of the two sections to which group they belong 
was randomly chosen since their mean pre-test scores for 
the data analysis performance test and the statistical 
anxiety test did not differ. This implied that both sections 
were at similar level of performance and anxiety, before 
the intervention was implemented. 

5.3. Research Instruments 
This study employed three primary instruments to 

assess students’ data analysis performance, statistical 
anxiety, and learning experiences related to the integration 
of R programming in quantitative research. The first 
instrument was a researcher-developed 20-item multiple-
choice test designed to evaluate students’ data analysis 
performance. Each item provided four answer choices, 
with one correct response. Scores ranged from 0 to 20. 
The test items were constructed based on the learning 
competencies outlined in the Senior High School 
Quantitative Research curriculum and were aligned 
through a Table of Specifications (TOS). To ensure 
content validity, the instrument underwent expert review 
by three specialists in statistics and quantitative research 
education. A pilot test was administered to a comparable 

group of students (composed of  STEM students not 
included in the control and experimental group) to conduct 
item analysis, which included evaluation of item difficulty 
and discrimination indices. The internal consistency 
reliability of the instrument was assessed using 
Cronbach’s alpha, yielding a coefficient of α = 0.82, 
indicating a high level of reliability. 

The second instrument was the Statistical Anxiety 
Rating Scale (STARS), adapted from Chew, Dillon, and 
Swinbourne [24]. The STARS is a standardized self-report 
questionnaire comprising 51 items, each rated on a five-
point Likert scale ranging from 1 (“Strongly Disagree”) to 
5 (“Strongly Agree”). Subscale scores and an overall 
anxiety score were computed, with higher scores 
indicating greater statistical anxiety. The STARS was 
adapted to ensure contextual and cultural relevance to 
senior high school students in the Philippine educational 
setting. Minor modifications were made to item wording 
to improve clarity and age-appropriateness (e.g., 
references to "university statistics courses" were revised to 
reflect the senior high school context). The adaptation 
process involved consultation with educational 
psychologists and statisticians, followed by a pilot 
administration to ensure semantic equivalence and 
comprehensibility. The adapted version retained the 
original factor structure and demonstrated excellent 
internal consistency, with a Cronbach’s alpha coefficient 
of α = 0.93. 

The third instrument was a semi-structured interview 
protocol developed by the researcher to elicit qualitative 
data regarding students’ experiences with R programming 
in the context of data analysis. The protocol included 
open-ended questions focusing on students’ perceptions, 
perceived benefits, encountered challenges, and insights 
gained from the use of R programming. The interview 
guide was subjected to expert validation by qualitative 
research practitioners to ensure relevance, coherence, and 
alignment with the study objectives. 

 
Figure 1. Students’ Sample Output in Descriptive Analysis Activity 
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5.4. Data Gathering Procedure and Analysis 
The data collection process for this study was 

conducted in three phases: (1) pre-test administration, (2) 
implementation of the intervention, and (3) post-test 
administration and focus group discussion. 

Phase 1: Pre-Test Administration 
Prior to the intervention, a pre-test was administered to 

two intact sections of Senior High School students 
enrolled in the Quantitative Research course. The pre-test 
consisted of two instruments: the Data Analysis 
Performance Test and the Statistical Anxiety Rating Scale 
(STARS). These were simultaneously administered to 
both groups to establish baseline measures of students’ 
data analysis proficiency and statistical anxiety levels. 
Following the pre-test, the two intact sections were 
randomly assigned to the experimental and control groups 
to minimize pre-existing differences between the groups. 
Random assignment was conducted after ensuring that no 
significant differences existed in the pre-test scores, based 
on preliminary analysis. 

Phase 2: Intervention Implementation 
The intervention period spanned five consecutive 

weeks.Empirical evidence indicates that short-duration 
teaching interventions—ranging from 5 to 8 weeks—can 
result in meaningful learning gains [25]. During this time, 
both the experimental and control groups received 
instruction on data analysis concepts as part of their 
Quantitative Research subject. However, the method of 
instruction differed between the two groups: 

The experimental group was introduced to R 
programming as the primary tool for performing data 
analysis tasks. Students engaged in practical activities 
using RStudio, which included: descriptive statistics, 
hypothesis testing (e.g., t-test, one-way ANOVA), 
correlation analysis, and data visualization (e.g., boxplots, 
histograms, and scatterplots). Sample R outputs were 
recorded and analyzed as part of the students’ coursework. 

The control group, on the other hand, performed the 
same data analysis tasks using traditional methods. The 
conventional method used in the classroom involved 
traditional, manual computation techniques for data 
analysis, where students solved statistical problems using 
paper-and-pencil procedures and calculators without the 
aid of digital tools or software. This approach emphasized 
mastery of fundamental mathematical operations, 
algorithmic processes, and conceptual understanding of 
formulas. Instruction was typically lecture-based, guided 
by textbooks and printed worksheets aligned with the 
existing curriculum standards. Resources included 
blackboard demonstrations, printed computation guides, 
and problem sets designed to build procedural fluency. 
The curricular outcomes focused on students’ ability to 
accurately perform step-by-step computations, interpret 
statistical results manually, and apply learned concepts to 
solve real-world problems. 

Phase 3: Post-Test Administration and Focus Group 
Discussion 

One week after the conclusion of the intervention, a 
delayed post-test was administered to both the 
experimental and control groups. The same instruments 
used in the pre-test—the Data Analysis Performance Test 

and the STARS—were re-administered to assess changes 
in performance and statistical anxiety levels. 
Administering the post-test after a one-week interval 
allowed for the measurement of short-term retention and 
potential delayed effects of the intervention. 

Subsequently, a focus group discussion (FGD) was 
conducted exclusively with the students in the 
experimental group. The rationale for focusing solely on 
this group was to explore, in depth, their experiences with 
the integration of R programming into their data analysis 
learning process. The FGD aimed to gather qualitative 
data on students’ perceptions, challenges encountered, 
perceived benefits, and reflections on how R programming 
influenced their engagement and understanding of 
statistical concepts. 

The collected pre-test scores, post-test scores, and 
students’ responses in the focus group discussion (FGD) 
were analyzed. Students’ level of data analysis 
performance and statistical anxiety were analyzed using 
descriptive statistics, specifically the mean and standard 
deviation. The one-way analysis of covariance (ANCOVA) 
was utilized to determine if R programming has a 
significant effect in improving students’ data analysis 
performance and reducing statistical anxiety. Thematic 
analysis was used to uncover underlying themes among 
students’ responses based on their learning experience of 
using R programming in data analysis. 

6. Results and Discussion 

6.1. Students’ Data Analysis Performance 
and Level of Statistical Anxiety During 
Pre-test and Post-test 

During pre-test, the control group achieved an average 
score of 7.96 while the experimental group achieved an 
average score of 7.61. This means that during pre-test, 
both the control and experimental group belonged to the 
“developing” category. However, it can be noticed that 
those students belonging to the experimental group had 
higher variability of their responses with a standard 
deviation of 2.08, compared to the control group with a 
standard deviation of 1.79. In the post-test, the control 
group got a mean score of 7.83 while the experimental 
group got a mean score of 13.16. The control remained in 
the “developing” category during post-test however, the 
experimental group accelerated to the “proficient” 
category. This means that the experimental group 
outperformed the control group in the post-test. It was 
found that the experimental group has now lesser 
variability of responses with a standard deviation of 1.85 
compared to their performance during the pre-test. 

Table 1. Mean and Standard Deviation of Students’ Data Analysis 
Performance 

 Control Group Experimental Group 
 Pre-test Post-test Pre-test Post-test 

Mean 7.96 7.83 7.61 13.16 
Standard 
Deviation 1.79 1.61 2.08 1.85 

In the pre-test, the level of statistical anxiety was 
observed as “high anxiety” for both the control group with 

 



 American Journal of Educational Research 421 

a mean of 4.27 and also in the experimental group with a 
mean of 4.05. Malik [26] posited that high statistical 
anxiety is common among students particularly those who 
have no sufficient mathematical background in statistics, 
which is also observed among the participants of this 
study. In addition, students’ “high level” of statistical 
anxiety might also be influenced by the lack of connection 
to daily life [27] and the lack of hands-on activities on 
computer-based statistics tools [28]. 

The level of statistical anxiety among the participants in 
the experimental group during post-test has reduced from 
“high anxiety” to “low anxiety” with a mean score of 2.78. 
The standard deviation of 0.52 suggests a low variability 
among participants level of statistical anxiety. This might 
possibly be due to the effect of the intervention (R 
Programming) introduced to the experimental group. 
Meanwhile in the control group, although the mean score 
of statistical anxiety during the post-test has reduced from 
4.27 to 4.21, this still shows no movement on the level of 
anxiety since both belongs to “high anxiety”. This might 
possibly be because the intervention (R Programming) is 
not introduced to the control group, so, their experience 
before and after the intervention period is similar. 

Table 2. Mean and Standard Deviation of Students’ Level of 
Statistical Anxiety 

 Control Group Experimental Group 
 Pre-test Post-test Pre-test Post-test 

Mean 4.27 4.21 4.05 2.78 
Standard 
Deviation 0.22 0.25 0.34 0.52 

6.2. Significant Differences on the Pre-test 
and Post-test Scores of Students’ Data 
Analysis Performance and Level of 
Statistical Anxiety  

The ANCOVA result as shown in Table 3 revealed that 
there is a significant difference among students data 
analysis performance between the control group and the 
experimental group. Comparative result yielded a p-value 
of almost 0.00, which is less than the margin of error α = 
0.05. This means that the experimental group 
outperformed the control group in terms of their data 
analysis performance, implying that the R programming 
(the intervention) has a significant effect on improving 
students’ data analysis performance in the experimental 
group. 

The ANCOVA result as shown in Table 4 showed that 
there is a significant difference among students’ level of 
statistical anxiety between the control group and the 
experimental group. Similar to students’ data analysis 
performance, comparative result yielded a p-value of 
almost 0.00, which is less than the margin of error α = 
0.05. This means that the experimental group has a 
significant decrease on the level of statistical anxiety as 
exposed to R programming compared to the control group. 
This implies that R programming has a significant effect 
on reducing students’ level of statistical anxiety. 

 
 
 

Table 3. ANCOVA Result for Students’ Data Analysis Performance  

Sources of 
Variation SS df MS 

F-
computed 

Value 
p-value 

Treatment 452.05 1 452.05 

139.54 < 0.00 Error 
Within 191.14 59 3.24 

Total 643.20 60  

Tested at α=0.05 

Table 4. ANCOVA Result for Students’ Level of Statistical Anxiety  

Sources of 
Variation SS df MS 

F-
computed 

Value 
p-value 

Treatment 28.36 1 28.36 

161.93 < 0.00 Error 
Within 10.33 59 0.18 

Total 38.69 60  

Tested at α=0.05 

6.3. Students’ Experiences in the Use of R 
Programming 

A Focus Group Discussion (FGD) was conducted with 
students from the experimental group to gather in-depth 
qualitative insights on their learning experiences with the 
intervention. The discussion was guided by a semi-
structured questionnaire and facilitated in a relaxed 
environment to encourage open dialogue. With 
participants’ consent, the session was audio-recorded and 
supplemented with field notes to ensure accuracy and 
context. The recorded data were transcribed verbatim and 
analyzed using thematic analysis. This involved coding 
the transcripts to identify recurring patterns, grouping 
similar codes, and categorizing them into overarching 
themes that captured the students’ shared perspectives and 
key insights related to the use of technology in learning. 
During the FGD, all students under the experimental 
group agreed that they found R programming to be useful 
and helpful in data analysis. Moreover, the FGD result has 
uncovered three (3) central themes from students’ 
responses related to their experiences using R 
Programming for data analysis. Respectively, these are: (1) 
flexibility and accessibility; (2) learning curve and 
understanding data; and (3) utility and efficiency. Table 5 
presents the FGD result among students under the 
experimental group that received the intervention. 

Flexibility and Accessibility of R Programming 
Students appreciated the adaptability of R in a wide 

range of statistical and analytical tasks. This is because of 
its customizability to suit various data analysis methods 
that makes R versatile and valuable. Additionally, the 
availability of source codes, support forums, etc. in online 
spaces, provided the students ease of access in addition to 
teacher’s instruction during class. R’s flexibility and its 
open-source nature promoted efficiency and empowered 
students to do data analysis activities on their own through 
readily available online resources. In other terms, R also 
has the potential of fostering independent learning 
environment, where students feel supported while also in  
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control of their learning process. While learning R can be 
challenging, particularly when introduced alongside 
statistical concepts, proper instructional approaches can 
help students develop programming literacy and apply R 
effectively in their studies and research [29,30]. 

Learning Curve and Understanding Data 
At first, students acknowledged the difficulty associated 

with R programming particularly when it comes to 
learning the coding syntax and logic. This initial challenge 
has somewhat made them feel discouraged. As the 
intervention period progressed and as the students were 
able to understand the coding syntax and logic of R 
programming, students reported that their ability to 
interpret and analyse data improved significantly. This 
case has also been reported in the study of Tucker et al. 
[31] where students have seen initial challenge but 
afterwards developed more positive attitudes towards R 
programming. They also reported that the coding process 
becomes more intuitive and the data analysis become 
more coherent and manageable. In this theme, it can be 
observed that while students recognize the challenge 
involved in acquiring necessary coding skills however, 
they also recognize the significant benefit of R 
programming which is the better understanding of data 

analysis. 
Utility and Efficiency 
Students reported that using R programming has 

diverted them into focusing on the data analysis rather 
than on performing tedious and time-consuming manual 
calculations. It allowed students to give more ample time 
in interpreting the results and uncovering stories in the 
data. In addition, R’s ability to produce detailed and easy-
to-understand visualizations is another major advantage. 
Students reported that this feature helped them to better 
understand complex data and present their findings more 
effectively. In this theme, it emphasized that R allowed 
students to streamline their workflow that focuses more on 
the analytical aspects of their work. R is not only a 
valuable tool for analysis but it does also improved 
students’ quality of data insights through clear and 
informative visualizations. These findings confirms 
previous studies where students using R reported focusing 
more on analytical aspects and interpretation rather than 
manual calculations, allowing for deeper insights into 
complex data [32]. R's ability to produce high-quality, 
informative visualizations enhances understanding and 
presentation of findings [33]. 

Table 5. Derived Themes from Students’ Focus Group Discussion (FGD) Responses 

Thematic Use Non-verbatim response/s with 
frequency Sample Responses Generated Description of the Themes 

Flexibility and 
Accessibility of R 

Programming 

The flexibility of R’s coding 
structure allows for adaptability in 

various analytical scenarios, 
making it a versatile tool for 

students. 
 
 

Students appreciate the 
accessibility of coding resources 
online, which aids in overcoming 

obstacles they encounter while 
learning. 

“One of the best things about R is its 
flexibility. You can customize your 
code for different analyses, and if I 

ever get stuck, I can always find help 
online or the available syntax on the 

software.” (Student27) 
 

“R programming is adaptable! It can 
be used for varied statistical method 
with just easy functions, and the fact 
that I can search for solutions online 

makes it even easier to learn.” 
(Student19) 

Students value the versatility, user-
friendliness, and the adaptable nature of 

RStudio and the availability of its 
resources online. Its “open source” 
nature supports students’ learning 
journey that fosters their sense of 

independence in tackling challenges in 
data analysis. 

Learning Curve and 
Understanding Data 

Students acknowledge the initial 
challenges of learning R, but once 

these challenges are overcome, 
they find data analysis becomes 

clearer and more intuitive. 
 

The ability to interpret data 
improves significantly after 
acquiring coding skills in R. 

“At first, learning R was not easy, but 
as I got learning from it, I found that 
interpreting data became a lot easier. 
Now, I feel much more confident in 

analysing and interpreting data.” 
(Student 3) 

 
“It takes some effort to learn the 

coding, but once you understand the 
basics, analysing data becomes so 

much more understandable. 
Additionally, data analysis now makes 

sense to me.” (Student 2) 

This theme focuses on the learning 
process associated with R Programming. 

While students express that mastering 
the coding aspect requires dedication, 

they also highlight the rewarding 
outcomes of enhanced data 

comprehension and analysis capabilities 
once they gain proficiency. 

Utility and Efficiency 

Students recognize R 
Programming as a significant 

time-saver compared to manual 
calculations and appreciate its 

ability to provide detailed 
visualizations. 

 
 

The software’s functionality 
enhances the efficiency of data 
analysis tasks, making complex 

processes more manageable. 

“R Programming has been a game-
changer for me! I can now save so 

much time in comparison to manually 
calculating everything. The 

visualizations also offers fantastic 
illustrations and easy to understand.” 

(Student 3) 
 

“I really like that R programming can 
solve large datasets faster. It allowed 

me to focus on the analysis and 
interpretation of results rather than 

doing manual computations to arrive 
the exact numerical result.” (Student 

14) 

This theme highlights the practical 
advantages of using R Programming for 
data analysis. Students emphasize how R 
streamlines workflows, reduces manual 

effort, and facilitates better data 
visualization, ultimately leading to 

improved understanding and insights. 
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6.4. Synthesis 
The statistically significant results of the conducted 

ANCOVA confirms that the introduction and utilization of 
R programming language to senior high school students is 
found effective in improving their data analysis 
performance and reducing their statistical anxiety. 
Furthermore, the conducted focus group discussion 
illustrates the positive learning experiences of the students 
in dealing with data analysis while using R programming. 

Here, the two theories that framed this study – namely 
the cognitive load theory and the technology acceptance 
model, validates the effectiveness of the R programming 
in improving senior high school students’ data analysis 
performance and reducing statistical anxiety. Students 
who found R programming easy to use and perceive it as a 
useful and valuable tool for data analysis engaged with it 
effectively, where it led them to improved performance in 
quantitative research tasks. As students became more 
comfortable with R, they experienced a reduction in 
anxiety (specifically statistical anxiety) because the tool 
provided clear, reliable results which enhanced their 
confidence in data interpretations [34]. Moreover, in 
mastering R programming, students gained a sense of 
control over their research process where it alleviates the 
fear of errors and improves their statistical performance. 
This aligns with the technology acceptance model, where 
R programming demonstrated a positive perception that 
led to increased students’ performance and reduced 
anxiety in data analysis [34]. 

Further, the cognitive load theory [22] supported this 
outcome, suggesting that students’ learning became most 
effective when their cognitive load is optimized, that 
minimizes unnecessary mental demands. Initially, students 
experienced cognitive overload upon learning R 
programming, due to its coding requirement and the 
challenging statistical concepts involved, leading to 
increased students’ anxiety [35]. However, as students 
became more familiar with R's syntax and functionality, 
their cognitive load decreased and allowed them to focus 
more on the data analysis rather than navigating the 
software. The clear structure and visualization tools within 
R helped students organize and understand their tasks, 
further reducing anxiety by making the analysis process 
more predictable and manageable [30]. Thus, as students 
master R programming, the reduction in cognitive load 
enhances their performance and contributes to lower 
statistical anxiety [36]. 

7. Conclusion and Recommendation 

Based on the findings of the study, the researcher 
concludes that R programming in senior high school 
quantitative research class is an effective tool in 
improving students’ data analysis performance and 
reducing their statistical anxiety. Hence, the researcher 
recommends the use of R programming as teaching 
strategy in quantitative research. It might also be used in 
the probability and statistics subject in the senior high 
school and other subjects/topics that requires data analysis. 

Future researchers are encouraged to expanding the 
sample size, including diverse school contexts, extending 

the intervention period, and employing mixed-method or 
longitudinal designs to further validate and enrich the 
findings on the integration of R programming in 
quantitative research education. 
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