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Abstract
Digital proficiency, including coding, is increasingly essential in physics education. However, disparities in coding skills 
among students are influenced by demographic factors and prior educational exposure. This study examines barriers to 
pre-university coding exposure for first-year physics students across five UK institutions, proposing a fourth level of the 
digital divide that emphasizes technical and production knowledge in coding. A survey of 199 first-year physics students 
reveals significant gender and ethnicity differences in coding experience. Males were more than twice as likely to have 
prior coding experience than females. Students with no prior coding experience viewed it as more challenging, requiring 
advanced math and powerful computing resources. Despite these challenges, both groups strongly disagreed that gender 
affects coding ability. Qualitative data pointed to technical difficulties, a lack of role models, and insufficient pre-university 
exposure as major obstacles. Black, Asian, and Minority Ethnicity (BAME) students reported less teacher encouragement 
and faced structural barriers similar to those found in literature. The study identifies a fourth level of the digital divide 
in coding knowledge, stressing the need for targeted interventions to enhance diversity and inclusivity in physics coding 
education. Recommendations include improving pre-university coding exposure, using gender-sensitive teaching meth-
ods, providing consistent encouragement to students, and deeply integrating coding into physics curricula. These steps are 
vital for preparing students for the digital demands of their academic and professional futures, ensuring equitable access 
to essential digital competencies.
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Introduction

Digital Age and Digital Divide

Recent decades have witnessed a growth in digital tech-
nologies and systems that are increasingly more integrated 
into society and many aspects of our everyday lives. In the 
USA, the digital economy is predicted to reach 8.3% by 2025 
(Manyika et al., 2017) and is estimated to have contributed 
£149 billion to the economy in the UK in 2018 (Depart-
ment for Digital, Culture, Media & Sport, 2020). Access to 
the internet allows individuals to improve their knowledge 
about healthcare issues and to seek information about dis-
ease prevention, treatment, and other medical information 
(Lin et al., 2016) and enables social connectivity and par-
ticipation for older persons who might otherwise face isola-
tion (Fang et al., 2019). Devices such as iPads are shown to 
have benefits for school students learning in mathematics 
(Perry & Steck, 2015), science (Ward et al., 2013), and art 
(Wang, 2018), and the higher education sector has embraced 
digital approaches such as blended learning (Bernard et al., 
2014) and flipped classrooms (O’Flaherty & Phillips, 2015). 
Subramony (2014) describes how access to technology can 
result in skills that lead to improved professional develop-
ment and, in turn, socioeconomic status which then provides 
even greater access to technology, a cycle Subramony terms 
the “virtuous cycle” (Rogers, 2016).

This virtuous cycle is only of benefit to those who have 
access to it, and a lack of engagement or access opportuni-
ties results in the “vicious circle” in which a lack of con-
sideration in creating inclusive technology alienates those 
who do not see learning about or using technology as part 
of their self-identity (Rogers, 2016; Subramony, 2014). 
This gap between those who do or do not have access to 
technology is more commonly known as the digital divide 
(Ganesh & Barber, 2009; Lythreatis et al., 2022; van Dijk, 
2005, 2006, 2020); though more recently, as technology 
and internet access has improved, some have identified the 
second level digital divide that focuses on digital skills and 
digital usage (Mossberger et al., 2003; Riggins & Dewan, 
2005; van Deursen & van Dijk, 2011; van Deursen et al., 
2016) and a third level where internet skills and usage lead 
to beneficial outcomes for the individual (Shakina et al., 
2021; van Deursen et al., 2016).

The existence of this digital divide is not consistent 
across society and is more prevalent between marginal-
ized and non-marginalized groups (Schradie, 2011). Wang 
and Hejazi Moghadam (2017) found that despite showing 
a higher interest in computer science, Black and Hispanic 
students in the United States experienced greater structural 
barriers to accessing computer science classes and to com-
puters more generally. They also found that girls reported a 

lower awareness of computer science opportunities outside 
of the classroom compared to boys, despite having similar 
levels of access to these resources. Enoch and Soker (2006) 
found similar gender and ethnicity barriers for university 
students in Israel attempting to access web-based learning 
resources. The type of occupation a person has can intro-
duce or widen the digital divide if their jobs do not involve 
using and developing their skills on computers or the inter-
net (Holcombe-James, 2022; Manyika et al., 2017). For 
children in education, access to technology and the internet 
at home, in schools, and in outside locations (for exam-
ple, churches, libraries, and community centers) all play an 
important role in the presence of the digital divide along-
side socioeconomic status (Dolan, 2016) and the support 
or encouragement from teachers (Ritzhaupt et al., 2012; 
Soomro et al., 2020). Finally, low-income families and indi-
viduals are impacted by the digital divide at all three levels 
(i.e., lack of direct access to computers through to internet 
skills that lead to beneficial outcomes) (Gonzales, 2016; 
Wamuyu, 2017; Watts, 2020; Wong et al., 2015) though 
some work suggests low-income groups in some countries 
are catching up with middle-income groups for mobile cel-
lular, Internet, and fixed broadband access (Chang et al., 
2020).

Barriers in Coding

This three-level model describing the digital divide (access 
to technology; digital skills and usage; internet skills and 
usage) provides a structural framework for understanding the 
gap for more general and everyday digital usage. We propose 
there is an additional level currently missing in the literature 
that describes more technical or production knowledge and 
skills—the three existing levels consider the digital divide 
relating to digital use but do not describe knowledge and 
skills of digital creation. An extension into a fourth level 
could encapsulate both the skills and benefits of building 
desktop computers (DiSalvo et al., 2013) or physical com-
puters such as Arduinos (DesPortes & DiSalvo, 2019) as 
well as learning coding or programming languages (Depart-
ment for Education, 2018; Guzdial, 2016; Israel et al., 2015). 
It is this second case that this work seeks to explore, inves-
tigating whether this fourth level exists amongst the cohort 
studied and how prevalent it is. The terms coding and pro-
gramming are often used interchangeably and within this 
work, we will use “coding” to encapsulate both two terms.

There is a substantial body of literature that has consid-
ered the technical difficulties that novice programmers face 
when learning to code. Kelleher and Pausch (2005) consid-
ered various teaching methods including attempts to make 
syntax easier to use for novices and different ways of learn-
ing to program as well as providing motivating contexts for 



422	 Journal of Science Education and Technology (2025) 34:420–435

novice programmers such as building robots. Lahtinen and 
colleagues (2005) studied the difficulties that novice pro-
grammers faced when learning to program and collected 
student views towards particular aspects of learning a coding 
language to help inform the development of coding courses, 
something that Cartile (2020) notes as a significant barrier 
due to the lack of consensus in approaches to teaching and 
learning coding that may be addressed by the development 
of a taxonomy of computational thinking (Selby, 2015). Pre-
formed misconceptions in coding can also provide additional 
barriers when learning a new language (Qian & Lehman, 
2018) which can be further exacerbated by different and 
inconsistent methods of teaching coding (Piteira & Costa, 
2013).

This paper brings a unique perspective by exploring the 
barriers typically associated with the digital divide (non-
coding specific) within a cohort of undergraduate physics 
students in the United Kingdom (UK). The physics focus 
is of particular interest due to its niche, if not unique, posi-
tion whereby coding competence and knowledge is now a 
crucial component within the curriculum but is not a stand-
alone component of the curriculum as it is in, for example, 
a computer science degree comprising of dedicated coding 
modules. This is particularly noteworthy for the institutions 
that contributed to this study. All physics degree programs 
accredited by the Institute of Physics1 are required to teach 
and assess coding during the course. The students surveyed 
as part of this work are therefore knowingly undertaking a 
course that requires knowledge and competence in coding, 
but this is not the core focus of their course and is better 
described as part of the hidden curriculum of a physics 
degree.

The question this paper seeks to address is “does the pro-
posed fourth level of the digital divide model exist amongst 
physics students, and if so to what extent does it impact 
on the experiences and preconceptions of coding for under-
graduate physics of different backgrounds and identities?”.

 Methods

 Sample Demographics

An online survey was sent to the five university physics 
departments in the United Kingdom (UK) (see Table 1) 
where the authors were located at the time of the study. The 
survey was disseminated by email, and students chose to 
opt into the study by completing the survey after confirm-
ing their understanding of the project and providing their 
consent. Students were in the first year of their studies and 
were recruited during the first month of their first semester 
in 2019. For degree programs in the UK, students will have 
enrolled in their subject course (or courses for dual degree 
programs) at the beginning of their first year and will spend 
their time only studying this course until graduation. This 
context is important compared to degree programs in other 
countries where first-year students may only be studying 
physics as a minor or optional component of their studies. 
For this study, all participants at English universities were 
enrolled in and intended to complete a physics degree that 
includes one or more taught courses in coding. A small num-
ber of students enrolled at Scottish universities (Edinburgh 
and Glasgow in our cohort) elect to take a physics module 
as part of a different program; however, our recruitment was 

Table 1   Number of participants, cohort size, and response rate at 
each of the 5 UK institutions involved

Institution Responses/total Response rate

University College London (UCL) 43/230 18.7%
University of Edinburgh 67/314 21.3%
University of Glasgow 42/239 17.6%
University of Kent 19/121 15.7%
University of Sheffield (Lead) 28/86 32.6%
Total 199/900 20.1%

Fig. 1   The survey structure by headings with associated questions 
within each group. The full survey can be found in the Appendix

1  The Institute of Physics monitors the standard and content of 
accredited physics degree programmes in the UK and in the Republic 
of Ireland.
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targeted to students enrolled in a physics degree program 
and screened via question 17 of the survey (see Appendix).

Data Collection and Analysis

Participants were invited to take part by email distributed 
by staff in each institution using a common template, and 
participation was through an anonymous Google Form. Data 
were collated and analyzed by the lead institution (Univer-
sity of Sheffield) before summary data were shared between 
all authors for discussion and interpretation.

Participants were presented with 27 questions under 5 
categories as shown in Fig. 1 (the full survey is included in 
the Appendix). Some of the questions in this survey (Q5–7, 
9–11, 13, and 14) were taken or adapted from Wang and 
Hejazi Moghadam (2017) (our adaptations changed the 
wording from “Computer Science” to “coding”) and all 
other questions created for this survey following an exten-
sive literature search and in collaboration with all authors to 
decide on the final questions.

Question 1 was used to split respondents into one of 
two groups, those who have experience with coding prior 
to attending university (“Prior Experience” group, PE) 
and those without (“No Prior Experience” group, NPE). 
All questions were identical for both groups except for 
question 3 that was different in asking for motivators for 
(PE) or barriers preventing (NPE) learning to code prior to 
attending university. Free text questions (Q3 and Q4) were 
presented before the Likert scale questions to avoid prim-
ing of written responses. Similarly, demographic questions 
were asked at the end of the survey to minimize the impact 
of implicit bias.

This research has approval from a formally constituted 
university ethics committee at the lead institution (refer-
ence number 030865). Participants were provided with 
an information sheet with the recruitment email detailing 
the study, how their information will be used and how 
they can opt out of the study at any point by closing the 
survey. Consent was reaffirmed at the point of comple-
tion of the survey before their anonymous responses were 
added to the dataset.

 Results

 Quantitative Results

 Demographic Profile and Prior Experience

The demographic profile of NPE and PE groups is summa-
rized in Table 2, excluding those who chose not to disclose 
their gender identity or ethnicity, and Fig. 2 shows the frac-
tion of NPE and PE within each demographic group.

Of the 199 respondents, 188 reported identifying as 
Female or Male, with 11 students either identifying as non-
binary or choosing not to disclose their gender identity. As 
the response rate for non-binary students was small, they are 
not included in quantitative analyses relating to gender but 
are included in other quantitative analyses and in all qualita-
tive analyses described in the “Free-Text Responses” section. 
Ethnicity was disclosed by 187 respondents under 16 catego-
ries (see question 22 in the Appendix) and subsequently col-
lated under Black, Asian, and Minority Ethnicity (BAME) 

Table 2   Demographic data of 
all respondents who included 
their gender and ethnicity 
information

Total Gender Ethnicity

Female Male Total BAME White Total

No Prior (NPE) 82 40 39 79 24 52 76
Prior (PE) 117 35 74 109 31 80 111
Total 199 75 113 188 55 132 187

Fig. 2   Percentage of No Prior and Prior Experience respondents 
within each demographic group. Raw count values are shown in 
Table 2
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or White groups. Due to the small numbers of respondents 
for some of the ethnicity categories included in the survey 
all ethnicities other than “White,” “Not Known” and “Prefer 
Not To Say” are combined under the BAME group, though 
we recognize that the experience of different ethnicities are 
not homogenous and care must be taken to avoid assuming 
any findings between White and BAME groups are identi-
cal for all ethnic minority groups. There was a significant 
association between gender and prior coding experience 
(χ2(1) = 6.554, p < 0.05, Φ = 0.187), and all expected fre-
quencies met the assumption for a χ2 test of being greater 
than 5 (Field, 2009, pp. 691–692). Based on the odds ratio (a 
measure of association between a grouping variable (in this 
case, gender) and an outcome (having prior coding experi-
ence)), the odds of male students having prior experience 
was 2.17 times higher than female students. There was no 
significant difference between BAME and White students 
(p = 0.626, N = 187).

 Prior Experience vs No Prior Experience

ANOVA analysis of the ordinal data collected for question 2 
was performed using IBM SPSS (v29.0.0.0), comparing PE 
and NPE groups as shown in Table 3. Effect sizes (Cohen’s 
d) were calculated using G*Power (v3.1.9.6).

For questions 2a, 2b, and 2c the No Prior group holds the 
view that coding is difficult and requires good mathematical 
skills and a powerful computer, respectively. Similarly, they 
are less likely to hold the counter view that coding is simple 
(question 2e), with both difficulty-related questions show-
ing moderate effect sizes. It is also worth noting that while 
there is no difference between the two groups for question 
2f (“Gender plays a part in coding ability”) both groups on 
average Strongly Disagree with this statement.

The nominal data responses for questions 5 through 27 
(excluding 16, 17, and 19) were analyzed using chi-squared 
tests using SPSS, with Cramer’s V used as a measure of 
power for questions where a statistically significant dif-
ference was observed between Prior and No Prior groups. 
Question 19 (“How old are you?”) provides continuous data 
and was analyzed using a Mann–Whitney test, and questions 
16 and 17 relating to the institution and course of study were 

not included in the analyses. Table 4 shows the results of 
these chi-squared and Mann–Whitney tests.

Under “Computing Experience,” there was a statistically 
significant difference for all four questions (Q5–Q8). The 
lack of specific coding classes and embedding coding into 
other courses was noted as one reason behind the lack of 
experience in the No Prior group, but perhaps most notewor-
thy is the largest effect size corresponds to question 7 where 
respondents were asked about their awareness of websites 
that allow them to learn to code online. As these resources 
are widely available and do not require a school to provide 
support this is one area of awareness raising that could ben-
efit students who are considering taking a degree program 
in physics (or any other coding-intensive subjects); it should 
be noted that there was no statistically significant difference 
between the groups regarding access to a computer at home 
(Q26) or at school (Q27) suggesting that physical-digital 
poverty may not be the reason why the No Prior group were 
not aware of the online resources and instead may be due 
to a lack of signposting from parents, caretakers/carers, or 
teachers.

Within the “Role Models” section, respondents in the 
Prior group were more likely to have access to clubs at 
school (Q10) or communities outside of school (Q11) where 
they could learn to code. Respondents from the Prior group 
were more likely to have friends who code (Q12) or have 
been told by a teacher that they would be good at coding 
(Q13) highlighting the importance of peer and authority fig-
ure support, but there was no difference in the presence of an 
adult who works with computers or technology in their lives 
(Q9). Finally, those in the Prior group were more likely to 
have seen or heard of someone like them who codes (Q15).

 Gender Differences

The dataset was split into two groups based on the response 
to question 21 (“What is your gender identity?”). There 
were a small number (< 10) of respondents who identified 
outside of the gender binary who are excluded from the fol-
lowing analysis due to small sample sizes, and we recognize 
that this will lose important information about the experi-
ences and views of non-binary students. These two separate 

Table 3   Results from 
comparisons between NPE 
and PE groups for question 2 
(ordinal responses) that are 
found under the Your Views 
section of the survey. The 
“Summary” column provides 
a condensed statement of 
the question asked for ease 
of reference, with the exact 
question wording provided in 
the Appendix

Q Summary Avg ± σ p F Effect size

NPE, N = 82 PE, N = 117 d

2a Coding is difficult 3.6 ± 1.0 2.8 ± 1.0 0.000 26.685 0.3938
2b Coders must be good at math 3.3 ± 1.0 2.9 ± 1.1 0.007 7.307 0.1875
2c Powerful computer needed 2.5 ± 1.0 2.0 ± 0.9 0.000 14.608 0.2590
2d Coding is abstract 3.0 ± 0.9 2.9 ± 1.1 0.200 1.654 -
2e Coding is simple 2.2 ± 0.8 2.8 ± 1.0 0.000 24.488 0.3281
2f Gender plays a role 1.3 ± 0.7 1.3 ± 0.7 0.846 0.038 -
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sub-datasets (Female and Male) were analyzed using the 
same appropriate tests as described in the previous section 
and are presented in Table 5 for question 2 and Table 6 for 
questions 5–15. Questions 18–27 were not included in the 
analysis for gender (nor for ethnicity in the “Ethnicity Dif-
ferences” section) as multiple layers of demographic filter-
ing reduced sample sizes and meant some participants with 
intersectional marginalized identities could be identifiable.

The difference between Prior and No Prior responses for 
questions 2a, 2c, and 2e for the Male group aligns with those 
seen in Table 3 but is not observed among Females. Males 
with no prior experience are more likely to believe that cod-
ing is difficult and that powerful computers are a require-
ment, and less likely to believe coding is simple. Similarly, 
the difference seen in question 2b for Table 3 only persists 
among Females and is not seen in the Male group suggesting 

Table 4   Results from comparisons between NPE and PE groups for 
each quantitative question in the survey (see Appendix). Cramer’s V 
values are only quoted when there is a statistically significant differ-

ence between the groups. The “Summary” column provides a con-
densed statement of the question asked for ease of reference, with the 
exact question wording provided in the Appendix

Section Q Summary �2 p Cramer’s V N

5 Coding specific classes at school? 16.816  < 0.001 0.291 199
Computing Experience 6 Coding in other classes at school? 8.877 0.004 0.211 199

7 Awareness of online resources 51.251  < 0.001 0.524 187
8 ICT or computing qualifications 19.621  < 0.001 0.314 199
9 Adult in life who works with computers? 0.853 0.389 - 199
10 Coding clubs at school? 17.830  < 0.001 0.316 179
11 Community opportunities to code? 8.958 0.010 0.253 140

Role Models 12 Friends who code? 4.537 0.027 0.151 199
13 Teacher encouragement at school? 11.516  < 0.001 0.241 199
14a Seen coding on TV? 0.437 0.813 - 199
14b Seen coding in movies? 2.599 0.274 - 199
14c Seen coding on social media? 5.145 0.079 - 199
15 Do you see people like you coding? 11.655 0.003 0.242 199
18 Computer use per day (hours) 6.396 0.095 - 199
19 Age p = 0.958, Mann–Whitney U = 4815.5
20 Disability 1.350 0.365 - 188
21 Gender identity 6.554 0.015 0.187 188
22 Ethnicity 0.290 0.626 - 187
23 Looked after young person 0.119 0.553 - 190

About You 24 Young Carer (see Appendix note) 0.769 0.573 - 191
25 Free school meals or Pupil Premium 0.261 0.631 - 191
26 Access to computer at home? 0.061 1.000 - 193
27 Access to computer at school? 0.455 0.643 - 193

Table 5   Results from comparisons between NPE and PE groups for question 2 after splitting responses by gender identity

Q Female Male

Avg ± σ p F Effect size, d Avg ± σ p F Effect size, d

NPE PE NPE PE

2a 3.6 ± 1.1 3.1 ± 1.1 0.056 3.776 - 3.6 ± 0.9 2.8 ± 1.0  < 0.001 17.151 0.4231
2b 3.3 ± 1.0 2.7 ± 1.1 0.016 6.059 0.2856 3.3 ± 1.0 3.0 ± 1.1 0.125 2.384 -
2c 2.6 ± 0.8 2.2 ± 1.0 0.062 3.596 - 2.5 ± 1.1 2.0 ± 0.9 0.008 7.405 0.2584
2d 3.0 ± 0.8 2.8 ± 1.3 0.352 0.878 - 3.2 ± 0.9 2.9 ± 1.0 0.179 1.832 -
2e 2.2 ± 0.9 2.6 ± 1.1 0.096 2.844 - 2.1 ± 0.8 2.9 ± 0.9  < 0.001 20.655 0.4286
2f 1.3 ± 0.7 1.4 ± 0.8 0.509 0.440 - 1.3 ± 0.7 1.3 ± 0.6 0.981 0.001 -

N = 40 N = 35 N = 39 N = 74
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that females with no prior experience are more likely to 
believe that good mathematical ability is required for coding.

The largest effect observed (based on Cramer’s V) within 
this subset of questions shown in Table 4 was for Q7 where 
both gender groups reported a difference in awareness of 
websites dedicated to learning code online. Both gender 
groups report that coding classes being available at school 
were more likely for students within the Prior group, though 
only the Male group reported a difference between Prior and 
No Prior in terms of coding being taught as part of other 
classes. The cause of this is uncertain but may be due to 
gender bias when choosing A-level courses2 in school or 
college.

In terms of other differences between gender groups, 
Female respondents differed in the opportunities available 
with school clubs and external groups where attendees could 
learn to code, though it is unclear from this dataset whether 
the opportunities were less available to the Female No Prior 
subgroup or whether they were available, but respondents 
chose not to or could not attend. Males with Prior experience 
were more likely to have seen or heard of other people like 
them coding (average score 1.41 ± 0.60), whereas Females 
overall and Males with No Prior on average reported “Some-
times” on question 15 (1.08 ± 0.56 and 0.97 ± 0.67, respec-
tively). It is impossible to state whether this relationship seen 
for the Male Prior group is causal; however, it is important 
to note the link between seeing or hearing of “people like 
me” and engaging with coding prior to attending university.

Finally, it is important to note that both gender groups 
noted a difference in receiving positive encouragement from 

teachers in starting their coding experience (Q13). While 
this difference is something that should be addressed by 
teachers providing encouragement to all students, it is posi-
tive to note that no gender bias was observed in this study.

Ethnicity Differences

The full dataset was split into two groups based on the 
response to question 22 (“Please choose the category which 
you feel most closely describes your ethnicity.”). These 
categories were then collated into two groups, White and 
Black, Asian, and Minority Ethnicities (BAME). While we 
acknowledge the limitations inherent in the use of the term 
“BAME,” particularly its potential to homogenize diverse 
ethnic experiences and overlook nuanced disparities, it was 
deemed necessary for the purpose of this study to employ a 
broad categorization due to constraints related to respond-
ent anonymity and the small sample sizes of specific ethnic 
groups. This decision was made with careful consideration 
of the trade-off between granularity and confidentiality, 
recognizing the complexities involved in capturing the full 
spectrum of ethnic identities and experiences within the con-
straints of our research methodology. These two separate 
sub-datasets (BAME and White) were analyzed using the 
same appropriate tests as described in the previous section 
and are presented in Table 7 for question 2 and Table 8 for 
questions 5–15.

The difference between Prior and No Prior responses for 
questions 2a, 2c, and 2e for both BAME and White group 
aligns with those seen in Table 3 for questions 2a, 2c, and 
2e but not for question 2b. This suggests that any differences 
seen between the NPE and PE groups are not related to eth-
nicity for this question.

Table 6   Comparing NPE and 
PE groups within subsets of the 
data split by gender identity. 
The p-values quoted are two-
sided exact values. Cramer’s V 
values are only quoted when 
there is a statistically significant 
difference between the NPE 
and PE groups and the exact 
significance of the symmetric 
measures are p < 0.05

Q Female Male

�2 p Cramer’s V NNPE, NPE �2 p Cramer’s V NNPE, NPE

5 9.211 0.003 0.350 40, 35 8.516 0.006 0.275 39, 74
6 3.693 0.066 - 40, 35 5.609 0.029 0.223 39, 74
7 26.325  < 0.001 0.613 35, 35 29.360  < 0.001 0.521 37, 71
8 3.555 0.083 - 40, 35 14.665  < 0.001 0.360 39, 74
9 2.513 0.162 - 40, 35 0.141 0.843 - 39, 74
10 13.463  < 0.001 0.459 33, 31 5.562 0.066 - 35, 70
11 10.376 0.004 0.451 25, 26 1.276 0.515 - 39, 74
12 3.013 0.147 - 40, 35 1.670 0.289 - 39, 74
13 5.672 0.025 0.275 40, 35 5.919 0.020 0.229 39, 74
14a 0.103 0.950 - 40, 35 1.338 0.527 - 39, 74
14b 2.710 0.263 - 40, 35 0.230 0.901 - 39, 74
14c 1.489 0.477 - 40, 35 3.759 0.148 - 39, 74
15 3.834 0.159 - 40, 35 11.677 0.003 - 39, 74

2  A levels are advanced academic qualifications in the UK, typically 
pursued by students aged 16 to 18, which serve as a standard for uni-
versity entrance requirements.
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With Q13, a statistically significant difference is found 
within the White group, with those with prior experience 
more likely to get positive praise from teachers (43.8% for 
PE compared to 21.1% for No Prior). The BAME group 
shows no difference between NPE and PE groups for the 
same question, and only 25.5% of all BAME students 
received positive encouragement from teachers. A similar 
observation is made to that for gender in Table 5 with regard 
to whether respondents had seen or heard of someone like 
them coding (question 15). BAME respondents showed no 
statistically significant difference between PE and NPE, with 
an average response of (1.16 ± 0.66) whereas White Prior 
respondents had a higher average score (1.34 ± 0.62).

 Free‑Text Responses

Free text responses were collected in Q3 and Q4 (“What 
benefits do you think there are in being able to code?”), 
where the wording for Q3 differed depending on their 
response in Q1 (Prior: “What factors motivated you in 
learning to code?” and No Prior: “What factors have pre-
vented you from learning to code”). Thematic analysis was 
performed on the responses following the well-established 
6-step framework developed by Braun and Clarke (2006). 
Given its extensive validation and widespread acceptance 
in qualitative research, we do not provide a detailed descrip-
tion of the methodology here. Readers are directed to Braun 
and Clarke’s original paper and subsequent works (Braun 
et al., 2019; Xu & Zammit, 2020) for comprehensive guid-
ance on the approach and its validity. Codes were generated 
at the question level for NPE and PE groups separately. The 
codes were then condensed into themes for Q3 and Q4 by 
combining the prior and no prior datasets, but the dataset 
information was retained for quantitative comparison after 
the thematic analysis was completed.

 Q3: Motivators and Barriers

There were 36 codes identified for Q3 which condensed into six 
overarching themes as summarized in Table 9, and the frequen-
cies of codes within each theme split by NPE and PE groups 
as well as by positive or negative meaning are shown in Fig. 3.

Respondents with prior coding experience expressed moti-
vators under the Purpose/Tool theme related to coding having 
a purpose or being a tool such as problem-solving and the 
development of websites, games, and apps. Despite this, the 
most frequent code in this theme (and indeed in all themes) is 
that coding was a requirement for their studies. Similarly, the 
group with no prior experience stated the lack of requirements 
as part of their other courses as a barrier to learning to code.

For the prior experience group, those codes grouped 
under the Personal theme mentioned personal development 
and challenge as well as several references to enjoyment and 
social aspects of coding. The group with no prior experience 
discussed a lack of interest and motivation alongside the 
view that learning to code would be difficult and compli-
cated under the Personal theme.

Thirty of the 109 codes from the PE group clustered under 
the Own Future theme. These respondents highlighted the ben-
efit to their own career and degree aspirations, with a small num-
ber mentioning the long-term financial benefit of higher salaries. 
The three codes from the NPE group under this theme were all 
positive and indicated that while they themselves did not engage 
with learning to code previously they can see the future career 
and financial benefit of having some coding ability.

Influence was cited as a motivating factor for the Prior 
group, with influence ranging from teachers and parents to 
TV and games. Two respondents from the No Prior group 
stated that coding was “not encouraged at a girl’s school,” 
though it is unclear whether this is a lack of encouragement 
or active discouragement. Nevertheless, the gender stereotype 
has had some influence on their opportunity to learn to code.

Table 7   Results from comparisons between NPE and PE groups for question 2 after splitting responses by ethnicity

Q BAME White

Avg ± σ p F Effect size, d Avg ± σ p F Effect size, d

NPE PE NPE PE

2a 3.6 ± 1.0 2.9 ± 1.0 0.022 5.603 0.3153 3.6 ± 1.0 2.8 ± 1.0  < 0.001 19.776 0.3893
2b 3.5 ± 1.0 3.1 ± 1.2 0.227 1.496 - 3.2 ± 1.0 2.8 ± 1.1 0.060 3.608 -
2c 2.9 ± 1.1 2.2 ± 0.8 0.015 6.289 0.3408 2.4 ± 0.8 2.0 ± 0.9 0.010 6.807 0.2299
2d 3.4 ± 0.9 3.1 ± 1.1 0.252 1.342 - 2.9 ± 0.8 2.8 ± 1.1 0.399 0.715 -
2e 2.2 ± 0.8 2.8 ± 0.9 0.006 8.192 0.3854 2.2 ± 0.9 2.8 ± 1.0  < 0.001 13.091 0.3198
2f 1.6 ± 1.1 1.6 ± 0.7 0.888 0.020 - 1.1 ± 0.4 1.2 ± 0.7 0.277 1.193 -

N = 24 N = 31 N = 52 N = 80



428	 Journal of Science Education and Technology (2025) 34:420–435

The factors preventing the No Prior group were predomi-
nantly in the Logistics theme, with a lack of opportunity 
at school being highlighted as one factor (in line with the 
differences found for question 5 in Table 4). Other logisti-
cal barriers faced are a lack of time, either in school due 
to clashes between subjects or other commitments outside 
of school preventing independent learning or joining com-
munity classes, and in some cases the lack or limited access 
to suitable computers either at school or in their home life. 
There were no codes from the PE group under the Logistics 
theme, either positive or negative.

 Q4: Benefits

There were 25 codes identified for Q4 which condensed into 
4 overarching themes as summarized in Table 10, and the 
frequencies of codes within each theme split by NPE and PE 
groups are shown in Fig. 4.

Employability and developing transferable skills, primarily 
“problem solving” and “logical thinking,” were the most fre-
quent responses by the prior experience group. The No Prior 
group also recognized that employability is a benefit of learning 
to code but did not comment as often on the transferable skills. It 
is particularly noteworthy that the most common code from the 
No Prior group is under “data handling and automation” which 
suggests that these respondents have some general appreciation 
of what coding is used for but only recognize the end tool.

Question 4 asked both Prior and No Prior groups to 
identify any benefits that result from being able to code. 
Both groups identified a better understanding of how com-
puters and technology works. Under the Personal theme, 
both groups similarly noted that coding helps provide new 
insights, different ways of thinking, and access to higher 
levels of science, but only the Prior group coded against 
“Patience and Creativity” and “Enjoyable.”

Within the theme of Purpose, both groups noted that cod-
ing can provide benefits as a tool for problem-solving, sav-
ing time and automation, and for simulations and modeling. 
More respondents in the No Prior group specified using cod-
ing for data handling specifically whereas the Prior group 
focused more on broader task automation and efficiency, 
something that may indicate a misconception about the 
breadth of application that coding has beyond specific data 
handling and analysis tasks.

The transferable skills theme is where a significant dif-
ference was seen between the Prior and No Prior groups. 
The Prior group made frequent references to developing a 
wide range of skills (72 across all skill codes) whereas the 
No Prior group made far fewer references (11 in total) with 
no references against reasoning or abstract thinking skills. 
Both groups referred to employability as a benefit, slightly 
more common in the Prior group with 29 codes representing 
24.7% of this group compared to 16 in the No Prior group 
representing 19.5%.

Discussion and Conclusion

The digital age has brought forth unprecedented oppor-
tunities and advancements, contributing significantly to 
economic growth, education, and social connectivity. 
However, the benefits of the digital age are not uniformly 
distributed, leading to the emergence of the digital divide. 
This divide is multifaceted, extending beyond mere access 
to encompass digital skills and usage patterns. As the dig-
ital landscape evolves, it becomes imperative to explore 
and understand additional dimensions of this divide. This 
paper contributes to the ongoing discourse by examining 
barriers within a specific cohort of undergraduate physics 
students in the UK, shedding light on a potential fourth 

Table 8   Comparing NPE and 
PE groups within subsets of 
the data split by ethnicity. The 
p-values quoted are two-sided 
exact values. Cramer’s V values 
are only quoted when there 
is a statistically significant 
difference between the NPE 
and PE groups and the exact 
significance of the symmetric 
measures are p < 0.05

Q BAME White

�2 p Cramer’s V NNPE, NPE �2 p Cramer’s V NNPE, NPE

5 12.823  < 0.001 0.483 24, 31 5.648 0.019 0.207 52, 80
6 3.625 0.099 - 24, 31 6.941 0.012 0.229 52, 80
7 17.363  < 0.001 0.583 21, 30 31.099  < 0.001 0.499 48, 77
8 7.700 0.005 0.374 24, 31 10.956  < 0.001 0.288 52, 80
9 0.127 0.466 - 24, 31 1.823 0.121 - 52, 80
10 6.154 0.048 0.362 18, 29 10.300 0.006 0.288 49, 75
11 5.164 0.061 - 14, 23 3.881 0.148 - 36, 60
12 2.957 0.156 - 24, 31 3.875 0.056 - 52, 80
13 1.733 0.226 - 24, 31 7.078 0.008 0.232 52, 80
14a 0.364 0.885 - 24, 31 0.866 0.681 - 52, 80
14b 1.807 0.628 - 24, 31 4.285 0.104 - 52, 80
14c 0.041 1.000 - 24, 31 7.602 0.020 0.240 52, 80
15 2.668 0.309 - 24, 31 8.936 0.011 0.260 52, 80
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level of the digital divide related to technical and produc-
tion knowledge, particularly in coding.

The three-level model of the digital divide has been 
instrumental in capturing disparities in general digital usage. 
However, our study suggests the existence of a fourth level 
that delves into technical and production knowledge. This 
level encompasses skills related to building desktop comput-
ers, physical computing devices such as Arduinos, and pro-
ficiency in coding languages. Recognizing this fourth level 
is crucial as science and technology increasingly demand 

computational skills. These findings align with the broader 
focus on integrating technical expertise into science educa-
tion, ensuring students are equipped with the competencies 
required in both academic and professional contexts.

Our research reveals the challenges faced by undergrad-
uate physics students in the UK when it comes to learning 
coding. Novice programmers encounter technical difficul-
ties, ranging from syntax complexities to misconceptions 
inherited from previous coding experiences. These barriers 
are consistent with existing literature but take on a new 
dimension when examined within the specific context of 
physics education. The lack of consensus in teaching meth-
odologies, as noted by Cartile (2020), poses a significant 
obstacle that warrants attention and a potential shift toward 
developing a taxonomy of computational thinking. Our 
study further highlights demographic disparities in cod-
ing education. Gender differences are evident, with male 
students exhibiting higher odds of prior coding experience. 
Additionally, the perceived requirement for significant 
mathematical ability and advanced computing resources 

Table 9   Themes identified from the free text responses for question 3 
using the Thematic Analysis protocol developed by Braun and Clarke 
(2006). The PE group was asked about motivators only and NPE 
about barriers only

Theme Code

Gender Gender split. No role models
Show that girls can do it
From parents

Influence From teachers
From TV and games
Not encouraged at a girl’s school
No computing access
No opportunity

Logistics No teaching at school
No time
Prioritized/clashed with other courses
Career aspirations

Own Future Degree aspirations
Leads to money
A personal challenge
Better use of my time
Cool thing to do
Develop logical thinking
Difficult and complicated

Personal Lacking in motivation
No interest
No patience
Not fun, only practical
Skills development
Social, fun, enjoyment
Better use of electronics
Create video games
Lots of work with no clear benefit
Mandatory for course/school work

Purpose/Tool No reason to. Not necessary for other courses
No purpose
Skill of debugging
Systems control, automation, and AI
Tools for other outcomes (e.g., websites and apps)
Understand how computers work
Useful tool for solving problems

Table 10   Themes identified from the free text responses for ques-
tion 4 using the Thematic Analysis protocol developed by Braun and 
Clarke (2006)

Theme Code

Computers & Technology Understand how computers work
Access to higher level science
Different way of thinking
Enjoyable. Good use of free time

Personal Money
New insights
Patience and creativity
Personal resilience and health
Satisfaction
Cost and/or time saving
Data handling and automation

Purpose Modeling
Simulations
Task automation/task efficiency
Tool for problem solving
Broader computer literacy
Creative in the digital age
Employability

Transferable Skills Improves skills:
  i. Abstract thinking
  ii. Analytical thinking
  iii. Logical thinking
  iv. Mathematics
  v. Problem solving
  vi. Reasoning
Teaches goal-oriented project man-

agement
Useful for niche areas/jobs
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among students without prior experience highlights the 
need for better communication about coding’s accessibil-
ity and relevance.

Our findings also highlight significant demographic 
disparities. Gender differences are evident, with male stu-
dents exhibiting higher odds of prior coding experience, a 
trend aligning with the broader narrative of gender imbal-
ances in certain STEM fields. Ethnicity also plays a role, 
with varying levels of access to coding-related resources 
and positive encouragement from teachers across different 
ethnic groups. Addressing these disparities is essential for 
fostering diversity and inclusivity in coding education. The 
lack of role models and encouragement, particularly among 
female and BAME students, underscores the importance 
of representation in both the classroom and broader edu-
cational initiatives. Beyond demographic disparities, this 
study highlights a concerning gap in the recognition of 
transferable skills associated with coding. Students with 
prior coding experience were more aware of the broad 
applicability of these skills, including problem-solving, 
logical thinking, and employability benefits, compared to 
their peers without such experience. These findings under-
score the need to reshape perceptions of coding from a 
niche technical skill to a critical component of modern 
education, with significant applications across scientific, 
technological, and social domains.

The educational differences observed in this study empha-
size the critical role institutions and educators play in shap-
ing coding exposure. Variations in access to coding classes, 
embedding coding into other courses, and the promotion 
of coding resources directly influence student experiences. 
These disparities highlight the need for cohesive strategies 

that integrate coding into physics curricula, leveraging con-
textualized exercises and accessible platforms to address 
both logistical and perceptual barriers.

Additionally, this study points to broader implications for 
science education and the integration of technology. Cod-
ing, as both a technical and transferable skill, serves as a 
gateway to interdisciplinary innovation. Embedding coding 
into physics education provides opportunities for students to 
engage with cutting-edge research, develop innovative solu-
tions to real-world problems, and build a foundation for life-
long learning in a rapidly evolving technological landscape. 
These efforts not only prepare students for the demands of 
their academic and professional futures but also contribute to 
addressing global challenges where computational thinking 
and problem-solving are essential.

In summary, this study contributes to understanding how 
barriers to coding align with a new dimension of the digital 
divide, and the findings highlight critical opportunities for 
intervention. By addressing these barriers through inclusive 
pedagogical approaches and systemic changes, educators 
and institutions can ensure that coding education is acces-
sible, equitable, and impactful for all students.

Future Directions and Recommendations

While this research provides valuable insights, it opens ave-
nues for future exploration. Understanding the root causes of 
the digital divide within technical domains, such as building 
computers and coding, requires further investigation. Addi-
tionally, exploring the effectiveness of different pedagogi-
cal approaches in addressing coding barriers can contribute 
to the development of comprehensive and inclusive coding 
education programs.

The extension of the fourth level to the digital divide 
model should be explored further with the construction and 
validation of a more comprehensive opinion-based survey 

Fig. 3   Frequency of positive and negative codes present in free text 
responses to question 3, grouped by themes identified using the the-
matic analysis protocol (Braun & Clarke, 2006). There were no 
instances of negative codes in the Prior group

Fig. 4   Frequency of codes present in free text responses to question 
4, grouped by themes identified using the thematic analysis protocol 
(Braun & Clarke, 2006)
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that educators could use to identify potential perceptual bar-
riers amongst their students and use this to guide their sup-
port and strategies for both the teaching of coding and the 
use of coding in their physics curriculum.

Future work should focus on linking the opinions (Q2 of 
survey), experiences (Q3–16, Q18), and identity (Q19–Q27) 
of respondents with both confidence in their coding ability 
and their coding proficiency at the start and end of their 
physics programs. Such a longitudinal study will help refine 
this survey into a semi-diagnostic tool that could shape the 
pedagogical approaches taken to support students with less 
confidence or experiences prior to joining university.

This study contributes a nuanced perspective to the dis-
course on the digital divide by identifying a potential fourth 
level related to technical and production knowledge. The dis-
parities uncovered within the cohort of undergraduate physics 
students underscore the importance of addressing coding bar-
riers to ensure a more inclusive and equitable digital future. 
This fourth level adds to the existing model by emphasizing 
the need for targeted interventions that go beyond access and 
usage, focusing on the skills required for digital creation.

While this research provides valuable insights, it also high-
lights avenues for further exploration. A deeper understanding 
of the root causes of this fourth-level digital divide, particularly 
in technical domains such as coding, is necessary. Longitudinal 
studies linking students’ opinions, experiences, and identities 
with their confidence and proficiency in coding would provide 
critical data to refine teaching practices and interventions.

We propose the following recommendations grounded in 
the findings of this study:

1.	 Provide early and equitable access to coding resources: 
The study highlights that students without prior coding 
experience often lacked awareness of accessible online 
resources for learning coding. Universities, schools, 
and educators should proactively signpost and promote 
platforms such as free coding websites, tutorials, or 
apps to both current students and prospective students 
during outreach activities. Examples of free resources 
include freeCodeCamp (https://​www.​freec​odeca​mp.​
org/), Codecademy (https://​www.​codec​ademy.​com/) and 
Khan Academy (https://​www.​khana​cademy.​org/).

2.	 Embed contextualized coding projects into the curriculum: 
Students without prior experience frequently viewed cod-
ing as niche or specific to particular tasks. Incorporating 
projects that connect coding with diverse problems, such 
as modeling physical systems, analyzing experimental 
data, or simulating real-world phenomena, can expand 
student perceptions of coding's utility (Wolz et al., 2020).

3.	 Enhance teacher training and support: A significant find-
ing of this study was the lack of teacher encouragement 
reported by underrepresented groups. Professional devel-
opment programs for educators should focus on inclusive 

teaching practices, enabling teachers to provide positive 
reinforcement and avoid perpetuating stereotypes about 
who “belongs” in coding (Artze-Vega et al., 2014).

4.	 Develop scaffolded learning pathways: Many students 
without prior experience identified coding as intimidat-
ing or overly complex. Introducing scaffolded exercises 
that gradually increase in difficulty, supported by peer 
mentoring or tutoring programs, can help students build 
confidence and proficiency incrementally (Kaldaras 
et al., 2024; Lee et al., 2024).

5.	 Promote awareness of transferable skills: Students 
with prior coding experience were more likely to rec-
ognize transferable skills such as logical thinking and 
problem-solving. Educators should explicitly highlight 
these broader applications of coding, linking them to 
employability and the development of key skills relevant 
to physics and other disciplines (Scherer et al., 2019).

6.	 Address institutional barriers to equity in coding educa-
tion: Institutional differences in access to coding classes 
and resources were evident in this study. Universities 
should ensure that coding is a mandatory and integrated 
part of the physics curriculum, with equitable access to 
the necessary equipment, such as loaner laptops or high-
performance computing facilities, for all students (Rea, 
2022; Chikwe et al., 2024).

7.	 Increase representation and visibility of role models: The 
findings indicated that students without prior experience 
were less likely to have seen role models who reflected 
their identities. Institutions should work to increase the 
visibility of diverse role models in coding through guest 
lectures, mentoring schemes, and student showcases that 
celebrate diverse projects and achievements (Cheryan 
et al., 2013; Gladstone & Cimpian, 2021).

8.	 Enhance outreach and engagement programs: A lack of 
pre-university exposure to coding was a recurring theme. 
Outreach efforts should include partnerships with schools 
to deliver workshops that focus on coding fundamentals, 
particularly targeting underrepresented groups, including 
female and ethnic minority students (Chen et al., 2023).

9.	 Conduct longitudinal studies to measure impact: The 
differences observed in students’ initial perceptions of 
coding suggest that longitudinal studies could provide 
valuable insights. Tracking students’ confidence and 
coding proficiency over time would enable educators to 
better understand how interventions shape outcomes and 
refine teaching strategies accordingly.

These recommendations align closely with the findings of 
this study, offering practical steps to address the barriers faced 
by students from diverse backgrounds. By implementing these 
targeted interventions, educators and institutions can help 
bridge the fourth level of the digital divide, fostering a more 
inclusive and equitable environment for coding education.

https://www.freecodecamp.org/
https://www.freecodecamp.org/
https://www.codecademy.com/
https://www.khanacademy.org/
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Appendix. Survey questions

Table 11

Table 11   Survey questions sent to participants. Numbers in brackets under Responses indicate codes assigned for analysis using SPSS

Q Question Text Responses

1 Do you have any prior coding experience? Yes (1)
No (0)

2 Please indicated whether you agree or disagree with the following statements: Strongly Disagree (1)
Disagree (2)
Neither Disagree nor Agree (3)
Agree (4)
Strongly Agree (5)

2a Coding is difficult
2b Coders need to be good at maths
2c A powerful computer is needed for coding
2d Coding is abstract
2e Coding is simple
2f Gender plays a part in coding ability
3 What factors have prevented you from learning to code [if No in Q1]

What factors motivated you in learning to code? [if Yes in Q1]
Free text response

4 What benefits do you think there are in being able to code? Free text response
5 At school were there any classes where ONLY coding was taught? Yes (1)

No (0)
6 Was coding taught as part of any other classes in your school? Yes (1)

No (0)
7 Are you aware of websites where you can learn to code online? Yes and I use them (2)

Yes but I don’t use them (1)
No, I’m not aware of any (0)
Not sure

8 Do you have any ICT or Computing qualifications? Yes (1)
No (0)

9 Is there an adult in your life who works with computers or other types of technology? Yes (1)
No (0)

10 Were there any clubs or groups that meet at your school where students learn to code? Yes and I attended them (2)
Yes but I didn’t attend them (1)
No, there were no clubs or groups (0)
Not sure

11 Were there opportunities in your community for students like you to learn to code 
outside of your school?

Yes and I attended them (2)
Yes but I didn’t attend them (1)
No, there were no opportunities (0)
Not sure

12 Do you have any friends who code? Yes (1)
No (0)

13 Has a teacher ever told you that you would be good at coding? Yes (1)
No (0)

14 How often do you see or read about people coding in the following places: Often (2)
Sometimes (1)
Never (0)

14a - in TV shows
14b - in movies?
14c - online through social media / articles / videos?
15 How often do you see or hear of people like you coding? Often (2)

Sometimes (1)
Never (0)

16 Which institution are you studying at? University College London
University of Edinburgh
University of Glasgow
University of Kent
University of Sheffield

17 What is your degree course title? Free text response
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Table 11   (continued)

Q Question Text Responses

18 How many hours a day do you use a computer? 0 h (0)
1 – 3 h (1)
4 – 6 h (2)
7 – 9 h (3)
10 + hours (4)

19 How old are you? Free text response

20 Do you consider yourself to have a disability? Yes (1)
No (0)
Prefer not to say

21 What is your gender identity? Free text response
22 Please choose the category which you feel most closely describes your ethnicity White

Gypsy or Traveller
Black or Black British—Caribbean
Black or Black British—African
Other Black background
Asian or Asian British—Indian
Asian or Asian British—Pakistani
Asian or Asian British—Bangladeshi
Chinese
Other Asian background
Mixed White and Black background—Caribbean
Mixed White and Black background—African
Mixed White and Asian
Other mixed background
Arab
Other Ethnic background
Not known
Prefer not to say

23 Are you (or have you been) a Looked After Young Person? Yes (1)
No (0)

24 Are you a Young Carer?a Yes (1)
No (0)

25 At school, were you entitled to free school meals or the Pupil Premium?b Yes (1)
No (0)

26 Do you have access to a computer at home? Yes (1)
No (0)

27 Did you have access to a computer at school? Yes (1)
No (0)

a A “Young Carer” in the UK refers to a young person who has caring or caretaking responsibilities for someone, such as a disabled or elderly 
parent or relative
b In the UK, free school meals are provided to students from low-income families as a form of financial assistance to ensure access to adequate 
nutrition during the school day. Eligibility is typically based on household income and receipt of certain welfare benefits. The Pupil Premium is 
additional funding allocated to schools by the government to support students from disadvantaged backgrounds, including those eligible for free 
school meals, children in care, and those with parents in the armed forces
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