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Abstract: This study aims to provide a more in-depth description of Physics 

Education students' computational readiness for modern computational learning 

utilizing digital technology. Twenty-eight students participated as respondents, 

and data were collected through five main indicators: digital literacy, 

computational mathematics skills, programming experience, device readiness, 

and the level of difficulty in understanding computational concepts. The results 

indicate that student readiness is still in the moderate category, especially in 

digital literacy and mathematics skills. The majority of students also lack 

adequate programming experience, requiring more intensive guidance when 

dealing with program syntax and logic. The devices used by students vary in 

performance, which also affects the smoothness of computational practice. 

Furthermore, the level of difficulty of computational concepts is quite high, 

especially in reading pseudocode and debugging. Overall, the findings of this 

study demonstrate the need for a more adaptive, gradual learning strategy that 

takes into account the diversity of student abilities. 

 

Keywords: Computing Readiness, Physics Education, Digital Literacy, Basic 

Programming, Modern Computing 

 
INTRODUCTION 

  

The integration of computing into physics 

education, which initially appeared merely as an 

additional enrichment component, has 

progressively evolved into an essential element 

within the curriculum. This development is not 

surprising, considering the increasing reliance on 

technological innovations across scientific fields, 

where computational tools have become 

indispensable for analyzing complex physical 

systems, performing numerical simulations, and 

managing large datasets that would be 

impractical to handle manually. As a result, 

computational competence is now widely 

recognized as an integral part of physics 

instruction, requiring students to develop not 

only conceptual mastery but also the practical 

ability to use algorithms, software applications, 

and programming languages as part of their 

routine academic work. 

The importance of these competencies has 

been articulated in several recent studies. (Odden 

& Caballero, 2023) argue that computational 

literacy in physics education should be organized 

around a structured and systematic framework. 

Their work highlights the material, cognitive, and 

social dimensions of computational literacy, 

suggesting that a comprehensive integration of 

these dimensions is essential for both effective 

learning and meaningful engagement in physics 

research (Odden & Caballero, 2023). This 

perspective reflects a broader shift in the field, 

where computational literacy is increasingly 

regarded as a core component rather than a 

peripheral skill. 

The relevance of computational 

integration becomes even more apparent when 

observed in the context of the transition from 

STEM to STEAM. By adding creative and 

artistic dimensions to traditional scientific and 

technological domains, STEAM approaches 

encourage students to engage in broader and 

more innovative forms of problem-solving. Deák 

and Kumar (2024) demonstrate that STEAM-

based learning contributes to the development of 

digital competencies aligned with sustainable 

innovation, supporting the argument that 

computational integration in physics education 

can facilitate interdisciplinary thinking that better 

prepares students for emerging global challenges 

(Deák & Kumar, 2024). 

This need for adaptation is also evident in 

the shifting landscape of instructional practice. 

(Hermawan et al., 2022) show that blended 

learning environments, when systematically 

integrated with digital tools, can improve 

students’ literacy and problem-solving abilities, 

ISSN (Print): 2502-7069; ISSN (Online): 2620-8326 

https://doi.org/10.29303/jipp.v10i4b.2452
mailto:taufik@unram.ac.id


Taufik et al., (2025). Jurnal Ilmiah Profesi Pendidikan, 10 (4b): 139 – 146 

DOI: https://doi.org/10.29303/jipp.v10i4b.2452 

 

140 

 

particularly in contexts that require continuous 

interaction with technological resources 

(Hermawan et al., 2022). Collectively, these 

studies suggest that a balanced combination of 

theoretical understanding and computational 

engagement has become a fundamental 

requirement for preparing students to navigate 

contemporary scientific and technological 

realities. 

Despite this growing emphasis, student 

readiness for computational learning remains 

uneven. Many students enter higher education 

with widely varying levels of familiarity with 

digital technologies; while some are able to work 

comfortably with different applications, others 

may still struggle with basic functionalities. This 

disparity underscores the need for more 

differentiated pedagogical approaches that 

acknowledge these differing starting points 

(Mahligawati et al., 2023; Khan et al., 2025). 

Such variation indicates that computational 

readiness cannot be assumed to be uniform across 

cohorts. 

Digital literacy constitutes one of the key 

factors contributing to this variability. It 

encompasses the ability to operate digital 

devices, manage information effectively, and 

navigate various types of applications. Studies 

indicate that students with higher levels of digital 

literacy transition more smoothly into new 

computational environments, while those with 

limited experience require additional support to 

understand fundamental interface features 

(Travero, 2022; Ziatdinov & Valles, 2022). 

Consequently, embedding digital literacy 

development within the curriculum has become 

increasingly important to ensure more equitable 

learning conditions (Awuor & Okono, 2022). 

Another factor that strongly contributes to 

computational readiness is students’ 

mathematical preparation, particularly in areas 

relevant to programming and numerical 

algorithms. Understanding mathematical 

functions, manipulating algebraic forms, and 

applying basic calculus concepts provide the 

conceptual foundation needed for computational 

tasks in physics (Zhang et al., 2023). Students 

who lack confidence in mathematics often find it 

challenging to interpret coding structures that 

represent mathematical operations, thereby 

revealing the close interplay between 

mathematical readiness and programming 

proficiency (Bitzenbauer et al., 2024). 

Previous exposure to programming further 

influences students’ readiness for computational 

learning. Those who have had prior experience in 

programming generally demonstrate greater ease 

in understanding logical reasoning and 

algorithmic design (Quang, 2025; Kemouss & 

Khaldi, 2025). Conversely, students without such 

experience may require substantial practice and 

guidance to establish foundational programming 

skills (Suson et al., 2020). This suggests that 

earlier exposure to programming can play an 

important role in strengthening students’ 

confidence and preparedness for computational 

coursework. 

In addition to these individual 

characteristics, the adequacy of students’ devices 

serves as a practical but often overlooked 

component of computational readiness. Devices 

with lower specifications can hinder the use of 

essential software, leading to unequal learning 

conditions across students (Mercado, 2021; 

Nkweke, 2020). This reinforces the need to 

consider technological infrastructure as part of 

instructional planning to ensure that all students 

have access to computational resources required 

for learning (Robeva & Laubenbacher, 2009; Aly 

& Efendi, 2024). 

Taken together, digital literacy, 

mathematical competence, programming 

experience, and device adequacy form a set of 

interconnected dimensions that shape students’ 

overall readiness for computational learning. In 

light of these considerations, the present study 

aims to examine these factors among students in 

Physics Education programs. The insights 

derived from this investigation are expected to 

support the development of more adaptive and 

responsive pedagogical strategies that reflect the 

diverse readiness profiles of students, thereby 

contributing to more effective learning in 

computationally oriented physics courses 

(Gawade et al., 2022; -, 2023). 

 

METHODS 

  

The methods section of this study was 

designed to provide a clear overview of the 

approach used to capture students' computing 

readiness. Given that the research focused on 

mapping students' initial conditions, a 

quantitative descriptive approach was deemed 

most appropriate. This approach allows 

researchers to observe trends, variations, and 
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patterns emerging from the data without 

intervening in the learning process.  

This study adopted a quantitative 

descriptive design, which essentially aims to 

describe phenomena as they exist. This approach 

does not seek causal relationships, but rather 

describes actual conditions based on data 

obtained from respondents. This design was 

chosen based on the need to objectively 

understand students' readiness, particularly 

across five key indicators: digital literacy, 

computational mathematics skills, programming 

experience, device readiness, and the difficulty 

level of computing concepts. 

The research participants consisted of 28 

Physics Education students currently taking 

computing-related courses. All students were in 

their mid-terms and were considered to have 

sufficient prior experience using digital devices 

in their classes. Participants were selected 

through a total sampling method, considering the 

relatively small number of students in each class 

and their relevance to the research focus. Five 

instruments were used in this study, each 

designed to measure a more specific aspect of 

computing readiness. 

a. Digital Literacy Test 

This test consists of multiple-choice 

questions and two practical assignments that 

assess students' ability to operate digital devices, 

search for information, use common applications, 

and understand file structures. The questions are 

designed to meet the basic needs of computing 

learning. 

 

b. Computational Mathematics Ability Test 

This instrument contains 15 questions 

covering algebra, functions, trigonometry, and 

common mathematical operations frequently 

used in numerical algorithms. The questions are 

structured with varying levels of difficulty in 

mind to more accurately assess the diversity of 

student abilities. 

 

c. Programming Experience Questionnaire 

This instrument is simple, consisting of 

dichotomous (yes/no) questions regarding 

students' experience learning a specific 

programming language. The questionnaire also 

includes several open-ended questions to 

determine students' familiarity with 

programming structures and terms. 

 

d. Device Readiness Scale 

Students' device readiness is assessed 

using a Likert scale of 1–4. The assessment 

includes laptop or computer performance in 

running computing software, storage capacity, 

processing speed, and the device's ability to open 

specific compilers or IDEs. 

 

e. Computing Concept Difficulty Diagnostic 

Test 

This instrument aims to assess students' 

understanding of basic computing concepts such 

as pseudocode, logical flow, branching, looping, 

and debugging. The test includes multiple-choice 

and three-point questions that require students to 

identify errors in simple code. Data was collected 

during a single class session lasting 

approximately 90 minutes. Each student was 

asked to complete the instrument in a 

predetermined order. Monitoring was conducted 

to ensure no collaboration could compromise the 

authenticity of the data. All student responses 

were then collected and coded for quantitative 

analysis. Data analysis was performed using 

descriptive statistics, including mean values, 

standard deviations, and minimum and maximum 

values. Data were also visualized in the form of 

histograms, bar graphs, and scatterplots to more 

clearly identify trends. Furthermore, the 

relationship between variables was examined 

exploratively to provide an initial overview of 

possible influencing factors. 

 

FINDINGS AND DISCUSSION  

 

This section presents research findings 

based on five indicators of student computational 

readiness: digital literacy, computational 

mathematics skills, programming experience, 

device readiness, and the difficulty level of 

computational concepts. Data are presented in 

tables and various visualizations to provide a 

more comprehensive picture. The findings are 

then analyzed by considering the context of 

computing learning for Physics Education 

students. 

 

Findings 

 

Overview 

In general, the five indicators show that 

students are still at a moderate level of readiness. 

None of the indicators show a particularly high 

level of readiness. In fact, some indicators such 

as programming experience and the difficulty 
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level of computing concepts show a trend 

indicating the need for additional guidance. The 

following are descriptive statistics for the five 

readiness indicators.  

 
Table 1. Descriptive Statistics of Five Computing 

Readiness Indicators 
Variable  Mean  SD Min  Max  

Digital Literacy 65.4 9.0 48 83 

Computational 

Mathematics 
Skills 

59.8 10.8 40 84 

Programming 
Experience* 

0.25 – 0 1 

Device Readiness 2.9 0.6 2 4 

Computational 

Concept 
Difficulty 

74.1 11.2 55 98 

*Note: 0 = no experience, 1 = has experience. 

 

Students with low-level devices (score 2) 

had a higher level of difficulty. Laptop 

performance affected the smoothness of the 

compiler. 

 

Student Digital Literacy 

The average digital literacy score was 

65.4. This isn't a bad score, but it doesn't reflect 

truly mature digital skills, especially for 

computing-based learning. Some students 

appeared quite confident operating basic digital 

device features, such as searching for information 

and using common applications. However, when 

asked to use specialized applications or perform 

functions requiring file manipulation, some 

students appeared hesitant or took longer. The 

fact that digital literacy scores remained in the 

moderate category suggests that computing 

learning needs to begin with strengthening digital 

skills, particularly orientation toward the use of 

computing software. 

Figure 1. Histogram of Student Digital Literacy 

 

Computational Mathematics Skills 

Students' computational mathematics 

skills averaged 59.8, indicating that some 

students have not fully mastered the basic 

mathematical concepts required in computing. 

Upon closer analysis, students with low scores 

typically experienced difficulties with: 

understanding mathematical functions, algebraic 

manipulations, simple trigonometric 

calculations, reading equations. From a 

computational learning perspective, these results 

are crucial. The algorithmic logic underlying 

physics programming often requires the ability to 

decompose functions and interpret mathematical 

relationships. Without this foundation, students 

may struggle to understand the flow of code. 

These results require lecturers to reconsider the 

proportion of reinforcement of basic mathematics 

before students move on to numerical 

programming. 

 

Student Programming Experience 

Figure 2 shows a bar graph of student 

programming experience. The majority of 

students (75%) reported never having studied 

programming in any form. Most of them were 

only familiar with basic terms like "code," 

"loop," or "syntax," without any deeper 

understanding. Students who had studied 

programming (25%) had typically taken courses 

or courses on the basics of programming logic. 

This small group typically grasps pseudocode 

and simple program structures more quickly. The 

stark contrast between these two groups presents 

a challenge. When computing material is 

introduced, instructors often have to repeat basic 

concepts to ensure all students are on the same 

page. 

Figure 2. Bar Graph of Student Programming 

Experience 
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As many as 75% of students have never 

studied programming. This explains the high rate 

of algorithmic errors appearing on the diagnostic 

test. 

 

Student Device Readiness 

Figure 3 illustrates the relationship 

between device readiness and computational 

difficulty. The average student device readiness 

score was 2.9 on a scale of 1–4. This indicates 

that most students have devices that are 

"sufficient" for basic computing learning. 

However, there is significant variation. Devices 

with minimal specifications often experience 

issues such as: slow execution times, difficulty 

opening applications, errors when installing the 

compiler, overheating when running simple 

simulations. This device readiness factor 

significantly impacts student motivation, 

especially those who are frustrated when their 

devices do not support their course requirements. 

 

 
Figure 3. Scatter Plot of Device Readiness and 

Computational Difficulty 

 

On the head and tail of the table. Font sizes 

for table and picture entries may be reduced.  

 

Computing Concept Difficulty Level 

The figure 4 displays the mean values for 

digital literacy, computational mathematics 

ability, device readiness (normalized to a 0–100 

scale), and concept difficulty. Students 

demonstrated moderate levels of digital literacy 

and mathematical readiness, while device 

readiness showed considerable variation. 

Concept difficulty presented the highest mean 

score, indicating that students perceive 

computational concepts such as pseudocode, 

control structures, and debugging as significantly 

challenging. 

 

 
Figure 4. Mean scores of students’ computational 

readiness indicators. 

 

The average difficulty score for computing 

concepts is quite high (74.1). This means that 

many students have difficulty understanding: 

branching logic, loops, program flow, debugging. 

Some students reported being able to follow the 

explanations but felt confused when they had to 

implement them themselves. This indicates that 

students need more intensive practical 

experience. Figure 5 presents the mean concept 

difficulty scores for the two student groups based 

on prior programming experience. Students 

without programming experience show a 

substantially higher level of perceived difficulty 

compared to their peers who have previously 

engaged in programming tasks. The error bars 

indicate the standard deviation within each 

group, showing a wider variation among students 

with no programming experience. This pattern 

suggests that prior exposure to programming 

plays a meaningful role in reducing cognitive 

barriers when interacting with core 

computational concepts such as pseudocode, 

loops, conditionals, and debugging. The figure 

clearly demonstrates that students who have at 

least minimal programming experience tend to 

approach computational tasks with lower 

perceived difficulty and more stable 

performance, reinforcing the importance of 

foundational programming instruction in physics 

education contexts. 
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Figure 5. Mean concept difficulty scores for students 

with and without prior programming experience. 

 

Students with high digital literacy tended 

to experience lower levels of difficulty. 

Conversely, those who were complete beginners 

in programming experienced significantly higher 

levels of difficulty 

 
Discussion  

When the five indicators are analyzed in an 

integrated manner, it is clear that Physics 

Education students' readiness to participate in 

computational learning still requires 

strengthening in several aspects. Some 

reflections to draw: Digital skills are no 

guarantee of programming mastery. Students 

who are somewhat proficient in operating digital 

devices do not necessarily quickly grasp program 

structure. Programming experience remains a 

differentiating factor. Computational 

mathematics plays a significant role. The entire 

algorithmic structure of physics relies on 

mathematical logic. Students with low 

mathematical abilities will experience multiple 

obstacles. Devices are a technical factor that has 

a psychological impact. Students with slow 

devices tend to lose motivation when programs 

don't run. Difficulty with computational concepts 

is a normal phenomenon. For students 

encountering code for the first time, it takes time 

to grasp computational thinking. Lecturers must 

start from the most basic level. Computing 

material cannot be delivered instantly. Learning 

stages must be structured using a gradual, 

contextual approach, and not be overly stressful. 

Overall, the results of this study emphasize 

the need for more adaptive computing learning 

strategies, strengthening digital literacy, 

mathematical skills, and fundamental 

programming experience. Lecturers need to 

design approaches that emphasize not only the 

final program outcomes but also the students' 

learning journey in understanding computational 

logic. A gradual and collaborative approach has 

the potential to help students build confidence, so 

that the process of learning computing is no 

longer perceived as a daunting task but as a skill 

that can be learned progressively. These findings 

are expected to inform instructors and curriculum 

developers in designing computing courses that 

are more inclusive, responsive, and tailored to the 

abilities of today's physics education students. 

 

CONCLUSION 

 

This study provides a fairly clear picture of 

the computational readiness of Physics Education 

students to participate in modern computing 

learning based on digital technology. Overall, 

students fall into the moderate readiness 

category, with several aspects standing out as 

determining factors. Digital literacy, for example, 

is a crucial foundation that helps students 

understand software and computing 

environments. However, this capability is not 

evenly distributed, resulting in some students still 

facing difficulties in the initial stages of using 

computing applications. Computational 

mathematics skills also play a crucial role. 

Students with a strong mathematical foundation 

tend to understand algorithmic structures more 

easily, while those with a weak mathematical 

foundation often struggle to interpret logical 

operations within code. This directly impacts 

their adaptability to programming. Programming 

experience is a significant differentiating factor. 

Those who have previously experienced 

programming appear more confident when it 

comes to understanding code examples or 

debugging. Conversely, most students who have 

never interacted with programming require more 

time to develop a basic understanding. This 

difference suggests the need for a more gradual 

and comprehensive teaching strategy. Device 

readiness also influences students' learning 

experiences. Low-performance devices often 

cause frustration and hinder learning, especially 

when students need to run computing 

applications. This highlights the importance of 

technical factors in technology-based learning. 

The relatively high difficulty level of computing 

concepts indicates that students require more 

support in the early stages. Understanding 

pseudocode, branching logic, looping, and 

https://doi.org/10.29303/jipp.v10i4b.2452


Taufik et al., (2025). Jurnal Ilmiah Profesi Pendidikan, 10 (4b): 139 – 146 

DOI: https://doi.org/10.29303/jipp.v10i4b.2452 

 

145 

 

debugging should be provided gradually, with 

examples relevant to their experiences. 
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