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Learning programming challenges students who encounter difficulties such as resolving
syntax and format errors. These challenges require students to invoke resilience to overcome
programming problems and keep trying. In response, this study developed the programming
resilience scale for university students (PRSUS). The snowball-sampling method was used
to collect the data of science and engineering undergraduates, and the participants were
divided into two groups (n1 = 316, n2 = 358) for an exploratory and a confirmatory factor
analysis, respectively. For the PRSUS, 3 items were retained for each of 4 dimensions,
namely: persistence, perceived value, difficulty cognition, and incremental belief. The
reliability and validity indexes indicate the scale is reliable for measuring programming
resilience. Moreover, the results showed that most undergraduates had a high level of
programming resilience, and they could judge their level correctly in comparison to their
peers. The study also found that, although no significant difference was found among the
grade or age groups, the programming resilience of the male students was significantly better
than that of the female students. The PRSUS is expected to help researchers and teachers to
identify students who have difficulties learning programming and to provide early
interventions to students.
Implications for practice or policy:
• Students can use the PRSUS to test if they have a high level of programming resilience
and improve their programming resilience in a targeted way.
• Educators can use the PRSUS to identify students who find it difficult to finish
programming learning or to judge whether their teaching can make students more
willing to overcome programming difficulties.
Keywords: programming resilience, programming resilience scale, programming learning,
academic dilemma, persistence

Introduction
Given the rapid development of intelligent technology and its growing presence in everyday lives,
educational systems around the world take significant interest in programming education (Saito &
Watanobe, 2020). Researchers believe that the demand for people with programming skills will increase
tremendously in the future (Çetinkaya & Baykan, 2020). Many countries have incorporated programming
education into their curricula (Balanskat & Engelhardt, 2014; Lindberg et al., 2019). Introductory
programming courses in universities have high rates of failure and dropout: approximately one-third to onehalf of students (Abdunabi et al., 2019; Margulieux et al., 2020). During the learning of programming,
students usually encounter problems misunderstanding basic concepts (Tsai, 2019) or errors with symbols
(Jegede et al., 2019), syntax, format, and spelling (Yarygina, 2020). In addition, in the subsequent learning
process, students encounter greater difficulties and obstacles in program design (e.g., Waite et al., 2020).
Thus, it is important to help students persevere in the face of programming difficulties.
Students with high academic resilience cope better with academic dilemmas and alleviate the negative
impact of academic pressure. Additionally, resilience and academic achievement are positively correlated
(Chisholm-Burns et al., 2019). Martin (2002) considered that, if students are not sufficiently resilient, they
are more likely to fail to overcome setbacks and pressures in their studies. Thus, many researchers have
developed academic resilience scales to assess whether students can cope with academic dilemmas (e.g.,
Cassidy, 2016; Chisholm-Burns et al., 2019; Martin & Marsh, 2006; Trigueros et al., 2020). However, these
scales focus only on students’ adaptations to general difficulties in learning without referring to specific
subjects (Martin & Marsh, 2008). Researchers found that students showed inconsistent performance with
positive and negative adaptations in different areas, accordingly performance in different subject areas
varied greatly (Johnston-Wilder et al., 2013; Martin & Marsh, 2006).
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As programming education gains importance, educators become more concerned about how to help
students persevere when learning (Bennedsen & Caspersen, 2019). To describe science and engineering
students' psychological characteristics failing across programming challenges and to understand their
resilience in the context of programming learning clearly, we developed a valid and reliable programming
resilience scale for university students (PRSUS). The scale can provide learners with a way to understand
their programming resilience level. Moreover, the scale can help teachers judge whether their teaching is
conducive to helping students persist in programming learning and attain good learning outcomes.

Literature review
Resilience in the context of programming
Research on resilience dates back to the mental hygiene movement of the 1970s. This movement showed
that some children who experienced disasters or long-term difficulties did not necessarily fail in their future
development as expected, but overcame the negative influence of the outside world and achieved good
development (Anthony et al., 1974; Chapman et al., 2020). In 2019, researchers in South Korea began to
pay attention to students’ levels of resilience in programming courses. They used the concept of ordinary
psychological resilience, as a personality trait (Kim et al., 2019). Researchers have not reached a consensus
on the definition of resilience (Sisto et al., 2019). This research defines resilience as a personality trait in
which an individual can adapt to challenges, maintain mental health, overcome difficulties, and achieve
good development even in the face of adversity and pressure (Chmitorz et al., 2018; Ying et al., 2010).
Ungar emphasised in severa l papers that resilience must be studied in the culture and environment in which
the adversity and stress arise (Ungar, 2006, 2011, 2013). Luthar (2006) also proposed that resilience should
be studied in specific fields. Thus, in this paper, programming resilience is differentiated from resilience in
general. This research then defines programming resilience as a personality trait where students can
maintain a positive attitude and continue to engage in learning after they encounter setbacks in the process
of programming learning. Accordingly, this study explored the internal structure of programming
resilience, and then developed the programming resilience scale.
Measurement of programming resilience
Programming resilience is an extension of psychological resilience, and requires a related measurement
structure. Garmezy et al. (1984) proposed three models for the mechanism of psychological resilience:
compensatory model, the challenge model, and the protective factor model. All three models suggest that
whether children can overcome adversity and achieve good development is the result of the joint action of
protective and risk factors (Crandall et al., 2019). Different people have different risk factors, however
protective factors are similar among those who are in trouble but develop well, and protective factors are
usually easier to intervene (Martin & Marsh, 2008). Perhaps for this reason, the existing scale uses various
protective factors to measure resilience.
Although many scales have been developed to measure resilience, no consensus has been reached on its
underlying structure (Luthar, 2006). Hoge et al. (2007) suggested resilience scales are inconsistent, and
researchers still have different views about which scale best reflects the structure of resilience. When
Cassidy developed an academic resilience scale, he also pointed out the lack of an appropriate construction
paradigm for measuring academic resilience, especially when taking university students as the research
objects (Cassidy, 2016). Although this inherent diﬃculty obviously persists when developing a
measurement of programming resilience, past research has yielded many items worthy of reference. From
them, we extract four important dimensions of persistence, perceived value, difficulty cognition, and
incremental belief, to develop the PRSUS.
Persistence
Persistence is an important internal protective factor that appears in many widely used academic resilience
scales. In 1993, the Resilience Scale (RS-25) developed by Wagnild and Young (1993), and has been
utilised the most among the known scales in empirical research. Wagnild and Young (1993) believed
resilience consisted of five interrelated components: equanimity, perseverance, self-reliance,
meaningfulness, and existential solitude. This supported the position of perseverance in the measurement
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of resilience. In research on resilience in the field of education, Martin used various theories of motivation
to develop the Student Motivation Scale. This scale has been revised many times, and in each revision,
persistence has always been an important motivation booster (Martin, 2001, 2002, 2003). In Martin’s
opinion, persistence can explain students' motivation for facing academic difficulties and pressures, as well
as for recovering after experiencing setbacks and continuing to struggle from the perspectives of expectancy
value theory and motivation orientation.
In 2006, Martin and Marsh proposed a 5-C model of academic resilience based on these studies and
developed an Academic Resilience Scale (Martin & Marsh, 2006). In the Academic Resilience Scale,
commitment (persistence) plays an important role. Based on Martin and Marsh's (2006) scale, other
researchers have developed more complete academic resilience scales for university students, in which
persistence is a necessary dimension (Cassidy, 2016; Chisholm-Burns et al., 2019; Trigueros et al., 2020).
In this study, persistence in the context of programming learning refers to the psychological trait in which,
even if the programming problem students encounter is difficult or they do not receive sufficient support,
they will persevere. In learning psychology, persistence is an internal protective factor.
Perceived value
As an external motivator, an individual's view of the value of an activity will largely influence his or her
attitude towards the activity (Zhang et al., 2020). According to self-determination theory, if a student is
aware that what they learn is useful for their own development and future career, then that awareness
becomes a strong external motivation for maintaining their learning behaviour, although people's internal
motivations (such as interest) do not necessarily change due to the internalisation of value (Ryan & Deci,
2000). External motivation generated by the internalisation of value is a self-determined form of
motivation. Students with self-determined forms of motivation take the initiative to study, rather than
choosing to study because of external forces (Deci et al., 1991). A study of third year university students
suggested that those with self-determined forms of motivation are more likely to overcome difficulties in
difficult courses, and persevere (Vallerand & Blssonnette, 1992). The Mathematical Resilience Scale
developed by Kooken et al. (2016) also included the value dimension. Kooken et al. believed that, when
students perceived the value of the content they learned, the students would think that learning behaviours
would help them meet their needs. This would generate self-regulated behaviours to cope with academic
dilemmas.
In this study, perceived value refers to the students' cognition of the usefulness and importance of
programming knowledge and skills. If a student values programming knowledge and skills highly, and
believes that learning to program is very useful, then these values and beliefs will serve as an internal
protective factor for programming learning.
Difficulty cognition
Difficulty cognition reflects a student's attribution of the difficulty they have encountered. Autin and
Croizet (2012) conducted three studies in which they experimented with short, psychological interventions
that helped students attribute their learning difficulties to the difficulty of the material rather than to their
own low intelligence. The experimental results show that reframing the attribution of difficulty can improve
students' working memory efficiency within 10 minutes. It can also help them achieve higher cognitive
levels and perform better on anagram tasks and reading comprehension. Moreover, it can help stop students
from thinking that they are incompetent, which is beneficial in overcoming their learning dilemmas and
progressing to more-challenging learning material.
In addition, identity-based motivation theory proposed by Oyserman et al. (2018) holds that an individual's
perception of their identity in a certain environment will affect their sense of control, thus leading to
different academic outcomes. They also suggested that teachers could help improve students' educational
outcomes by interpreting academic difficulties as the importance of learning tasks and letting students know
that anyone can encounter difficulties, so students do not see themselves as incompetent and remain willing
to continue their efforts.
A dimension similar to difficulty cognition also appears in the Mathematical Resilience Scale developed
by Kooken et al. (2016), where struggle was used to summarise the difficulty dimension. Kooken et al.
considered that many students have difficulty learning math and sometimes must work very hard to learn
it. The proposed that if these students could believe that they were facing difficulties because the content
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was challenging instead of considering the difficulties a sign of their incompetence, they would have greater
tolerance for setbacks. In this study, difficulty cognition refers to students’ views on difficulties
encountered when learning programming. If students can view programming dilemmas as a normal part of
learning programming and can believe that it is normal for anyone to encounter difficulties and setbacks in
the learning process, then difficulty cognition can act as an internal protective factor.
Incremental belief
According to implicit theories of intelligence, students can be divided into two categories based on their
perception of their intelligence: (1) students with an entity theory of intelligence, and (2) students with an
incremental theory of intelligence (Blackwell et al., 2007). The former is more likely to withdraw their
efforts in the face of hardship, while the latter tend to choose more-challenging tasks and try to overcome
difficulties to improve their abilities (Zhen et al., 2020). The entity theory of intelligence does harm to
students’ resilience, while the incremental theory promotes it (Yeager & Dweck, 2012). A study of African
American university students found that convincing students that anyone's intelligence is malleable, not
fixed, can help them remain committed to their studies and achieve better academic outcomes (Aronson et
al., 2002). The Mathematical Resilience Scale developed by Kooken et al. (2016) also included a dimension
called growth based on implicit theories of intelligence. Kooken et al. explained this dimension as people
believing that their mathematical knowledge could be improved. However, after being translated into
Chinese for this research, the meanings of the items on the scale adopted by Kooken et al., were too similar
to each other, and could not be used directly in this scale.
In this study, an incremental belief refers to students' perceptions of the fact that people's ability to learn
programming and their intelligence can be improved. If students realise that the level of intelligence and
the ability of any person are variable, that programming is not merely for talented people, and that anyone
can learn it if they try hard enough, do it the right way and get enough help, then the incremental belief acts
as an internal protective factor. To summarise, four important internal protective factors of programming
resilience were selected in this study to construct its scale: persistence, perceived value, difficulty cognition,
and incremental belief. All four factors are related to programming learning and are based on related
theories.
Purpose of the study
After considering the challenge posed to students in programming learning, programming resilience was
defined. Based on the definition, the purpose of this study was to take the four aspects above as dimensions
to develop and verify a programming resilience measurement tool for Chinese university students of science
and engineering and to use this tool to measure the sample students’ levels of programming resilience. To
achieve this goal, this study was divided into three parts: (1) exploration of the factor structure of the
PRSUS and verification of its reliability and validity; (2) analysis of the current situation of the
programming resilience of Chinese university students of science and engineering; and (3) analysis of the
differences in programming resilience between male and female students, among students of different ages,
and among students of different grades.

Method
Procedure
In this study, undergraduates majoring in science or engineering completed an anonymous online
questionnaire. The snowball-sampling strategy was utilised to recruit the respondents. The survey was ﬁrst
disseminated to students at Beijing Normal University, and they were encouraged to share the questionnaire
link with other undergraduates across China. In addition, this questionnaire was disseminated by some
social media platforms, such as WeChat groups, which allowed professors at other universities to forward
the questionnaire link to their students. Participation in this study was voluntary. The data-collection period
lasted for approximately 1 month. Of the 1,047 questionnaires were collected, 674 were valid, giving a
response rate was 64.37%. All procedures followed were in accordance with the ethical standards of the
responsible committee on human experimentation (institutional and national) and with the Helsinki
Declaration of 1975, as revised in 2000. This study was approved by the Institutional Review Board of the
author’s university and informed consent was obtained from all participants for being included in the study.
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Participants
The participants in this study were from 21 provinces (or municipalities directly under the central
government or autonomous regions) in China. Ages ranged from 16 to 24 years old (M = 20.28, SD =
1.258). All the participants volunteered to complete the questionnaire. To facilitate the subsequent data
analysis, the sample was randomly divided into two sub-samples. The grade and major distributions of the
students in the two sub-samples were roughly similar. The first sub-sample consisted of 316 students, and
was used for the exploratory factor analysis. The second sub-sample consisted of 358 samples, and was
used for the confirmatory factor analysis. Other data analysis was performed using the total sample of 674
students. The demographic information for each sample is shown in Table 1. The full sample includes
college students from different grade levels of students majoring in science and engineering. The sample
comprised of 55% male and 45% female students. The distribution in the subsamples of gender, grade and
major are similar to that of the total population. Therefore, the sample can be considered representative of
science and engineering undergraduates in China.
Table 1
Demographic data analysis
Items
Subscale

Gender
Grade

Major

Male
Female
First year
Second year
Third year
Fourth year
Science
Engineering

First Sample
(316 Students)
N
Proportion
181
57.28%
135
42.72%
133
42.09%
108
34.18%
45
14.24%
30
9.49%
126
39.87%
190
60.13%

Second Sample
(358 Students)
N
Proportion
194
54.19%
164
45.81%
129
36.03%
134
37.43%
59
16.48%
36
10.06%
132
36.87%
226
63.13%

Total Sample
(674 Students)
N
Proportion
375
55.64%
299
44.36%
262
38.87%
242
35.91%
104
15.43%
66
9.79%
258
38.28%
416
61.72%

Instrument
In this study, programming resilience is divided into four dimensions. According to the definition of
persistence, items with consistent meanings and non-repetition were selected from previous psychological
(Lock et al., 2019) and academic resilience scales (Cassidy, 2016). The items in perceived value and
difficulty cognition came from the respective dimensions of value and struggle on the Mathematical
Resilience Scale developed by Kooken et al. (2016). The items in incremental belief were developed by the
authors of this paper based on the definition of this dimension and several aspects of programming learning,
such as mastering the basic concepts of programming and understanding the logic of a program. Each
dimension had 5 items, resulting in a pool of 20 items. Table 2 shows the definitions, sources, and examples
of each PRSUS construct.
Since the selected items are all from an English scale, their expressions do not necessarily conform to those
of Chinese students. In addition, the states and traits expressed by these items are unrelated to programming
learning, so it is necessary to adapt each item to the context of the Chinese cultural background and the
context of programming learning. In the process of the adaptation, two of the authors translated the original
items into Chinese, then compared the translated versions with each other, discussed the differences in the
expressions and then unified these items. Then, the authors invited two international students who know
nothing about resilience scales to work on the reverse translation. After the reverse translation was
complete, two of the authors and the two students compared the two reverse-translated versions. These two
versions aligned with one another in sense, and, in addition to the context of programming learning, the
ideographic items were consistent with the original items.
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Table 2
The PRSUS constructs, sources and example items
Constructs
Definitions
Persistence (PE)
A psychological trait
in which, even if the
programming
problem a student
encounters is difficult
or he or she does not
get enough support,
he or she won't give
up but perseveres.
Perceived value (PV)
Students' cognition of
the usefulness and
importance of
programming
knowledge and skills.
Difficulty cognition
(DC)

Incremental belief (IB)

Students' views on
difficulties
encountered in
programming
learning.
Students' perception
of the fact that
people's
programminglearning abilities and
intelligence can be
improved.

Sources
Cassidy, 2016
Lock et al., 2019

Example Items
I am not going to lower
my standards or change
my goals simply
because I encounter
some difficulties in
programming.

Kooken et al., 2016

Having a solid
knowledge of
programming helps me
understand morecomplex issues in other
disciplines.
Good programmers
experience difficulties
when solving
programming
problems.
Anyone can master the
basic concepts of
programming through
hard work.

Kooken et al., 2016

Self-developed

The questionnaire posted online was divided into three parts. The first part asked about the basic personal
information of the students, such as their gender, age, and grade. The grade was retested at the end of the
questionnaire and served as one of the bases for the validity of the questionnaire. The second part was the
items pool of the PRSUS, measured on a 5-point Likert scale (1 = strongly disagree and 5 = strongly agree).
The programming resilience level is expressed by the weighted sum of all items, and the weight is
determined by the proportions of variance explained of each dimension in the final scale. When the score
is higher, so is the programming resilience level. The third part defined programming resilience. Students
were asked to rate their own programming resilience on a 5-point Likert scale.
Data analysis
The statistical software packages SPSS 22.0 and Amos 22.0 were used for the data analysis. First, the
content validity was verified by expert evaluation. Next, SPSS was used to conduct the exploratory factor
analysis on the first sample and to verify the reliability of the scale. Then, Amos was used to conduct the
confirmatory factor analysis on the second sample and to verify the structural validity, convergent validity,
and discriminant validity of the scale. In addition, SPSS was used to derive descriptive statistics from the
programming resilience level of the total sample. The measurement results of the scale were compared with
the students' self-evaluation. Finally, the variance analysis was conducted by SPSS.

Results
Content validation
The content validity of the scale was tested by means of expert evaluation. According to the determined
structure of programming resilience and the definitions of each dimension, two experts in the field of
psychological resilience, two experts in the field of programming education, and one expert in scale

146

Australasian Journal of Educational Technology, 2021, 37(6).

development were invited to score all the items with regard to whether the items conformed to the definition
of each corresponding dimension. The rating scale adopted the form of a 4-point Likert scale (1 =
completely inconsistent and 4 = completely consistent). Statistical analysis was conducted on the scoring
results.
The results showed that the consistency coefficient of the experts was 1, indicating that the evaluation of
the five experts was very consistent and the scale had good credibility. The average score of all the items
ranged from 3.80 to 4.00, and the standard deviation ranged from .000 to .447, indicating that the
programming resilience scale had good content validity.
Exploratory factor analysis
An exploratory factor analysis was performed on the first sample. Firstly, a descriptive statistical analysis
was conducted on the sample data to ensure the appropriateness of these 20 items as measurement items.
The standard deviation range of each item on the scale was .596 to 1.003, indicating little data fluctuation.
The skewness ranged from -1.651 to -.369, within the recommended guideline of |3.0|, and the kurtosis
ranged from -.156 to 4.405, within the recommended guideline of |8.0|. Therefore, the data was regarded
as in normal distribution (Kline, 2011). Then, the four dimensions were extracted by principal component
factor analysis, and a varimax with a Kaiser normalisation was conducted. To guarantee a pure factor
measure, strong factor loadings were retained. Only those items with factor loadings larger than .60 were
retained. Moreover, items with cross-loadings (3 items) were eliminated. A 4-factor structure was accepted,
along with 16 items.
The Kaiser-Meyer-Olkin measure of sampling adequacy and Bartlett's test of sphericity were also
conducted, together with the principal component factor analysis. The KMO coefficient was .902, which
was greater than .9, and therefore interpreted as excellent (Field, 2009). In addition, the χ^2 from Bartlett’s
test was 2346.685 (p < .001). These test results indicated these items were suitable for the principal
component factor analysis (Hung, 2016). The total variance explained of the remaining 16 items was
66.264%. As a social science study, a variance of more than 40% is considered sufficient (Netemeyer et
al., 2003). George (2003) indicated that a Cronbach's coefficient alpha higher than .7 is considered good,
and considered excellent when close to 1. The 16 items’ overall Cronbach's alpha was .902, and the
Cronbach's alpha of each dimension was greater than .7, showing that the scale had good internal
consistency. These results indicated that the next stage of the analysis could be performed. Table 3 shows
the results of the exploratory factor analysis.
Table 3
Exploratory factor analysis for the PRSUS
IB
DC
IB3
.856
IB2
.784
IB5
.782
IB1
.690
IB4
.679
DC2
.734
DC4
.731
DC5
.711
DC1
.670
DC3
.626
PE2
PE3
PE4
PV1
PV2
PV3
Variance
21.327%
17.839%
explained
Cronbach's
.866
.806
alpha

PE

PV

.771
.738
.724

14.058%

.816
.726
.688
13.040%

.811

.764

Mean
3.80
4.12
3.73
3.72
3.76
4.35
3.91
4.21
4.60
3.83
3.61
3.67
3.64
3.85
3.83
3.80

SD
.957
.892
.885
.003
.911
.690
.805
.752
.596
.789
.890
.873
.834
.945
.927
.880
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Confirmatory factor analysis
Based on the result of the exploratory factor analysis, the data from the second sample were used for the
confirmatory factor analysis, and the structural validity, convergent validity, and discriminant validity of
the scale were verified.
Structural validity
A confirmatory factor analysis yields a series of indexes that estimate the extent to which the sample data
can fit the a priori assumptions in different ways. In the confirmatory factor analysis of this data, to achieve
a high standard for the indexes and achieve as much balance as possible in the number of items under each
dimension, 2 items under the dimension of difficulty cognition and 2 items under the dimension of
incremental belief were removed. In the final scale, 12 items were retained. The model, composed of 12
items (Figure 1). Table 4 shows the fitting indexes corresponding to the model. The values of these indexes
indicated that the scale had good structural validity.

Persistence

PE2

e1

PE3

e2

PE4

e3

PV1

e4

PV2

e5

PV3

e6

DC2

e7

DC3

e8

DC5

e9

IB1

e10

IB2

e11

IB3

e12

.66

Perceived
Value

.56

.70

.58

Difficulty
Cognition

.50

.56

Incremental
Belief

Figure 1. Confirmatory factor analysis for the PRSUS
Table 4
Fitting indexes of the scale
CMIN/DF GFI
Value
1.640
.964
Threshold
<3
> .9

AGFI
.941
> .9

NFI
.961
> .9

RFI
.946
> .9

IFI
.984
> .9

TLI
.978
> .9

CFI
.984
> .9

RMSEA
.042
< .05

SRMR
.024
< .08

Convergent validity
Table 5 shows that the standardised factor loadings of all of the items were greater than 0.6, which indicates
that the latent variables persistence, perceived value, difficulty cognition, and incremental belief were
highly representative for these topics. Additionally, the average variances extracted (AVE) of all of the
dimensions were greater than 0.5, and the composite reliability (CR) was greater than 0.7, which indicates
that the scale had a good convergent validity.

148

Australasian Journal of Educational Technology, 2021, 37(6).

Table 5
Composite reliability and convergent validity analysis
Path
Standardised
factor loading
PE4
<--PE
.817
PE3
<--PE
.822
PE2
<--PE
.851
DC2
<--DC
.827
DC3
<--DC
.637
DC5
<--DC
.852
PV3
<--PV
.650
PV2
<--PV
.852
PV1
<--PV
.689
IB3
<--IB
.867
IB2
<--IB
.644
IB1
<--IB
.686

AVE

CR
.686

.869

.605

.819

.541

.777

.546

.780

Discriminant validity
In Table 6, the values on the diagonal are the square root of the AVEs of each dimension, and the offdiagonal values are the correlation coefficient between the two dimensions. The square roots of the AVEs
were greater than the absolute values of the correlation coefficients in all dimensions. This result indicated
that there were both correlations and differentiation among the latent variables. Thus, the scale had an ideal
discriminant validity.
Table 6
Construct discriminant validity analysis
PE
PE
.787
DC
.565
PV
.663
IB
.575

DC

PV
.744
.698
.556

IB

.729
.499

.775

In summary, the results of the data analysis above show that the scale had very good reliability and validity,
so the PRSUS could be considered a feasible tool for evaluating the programming resilience of
undergraduates of science and engineering. The final version of the scale is contained in Appendix A.
Programming resilience analysis
Each dimension of the scale contained the same number of items (3). By dividing the total score by 12, the
resulting value, ranging from 1 to 5, was used to represent the level of the programming resilience of the
students. When the score is higher, so is the level of programming resilience. The level of programming
resilience of all of the 674 university students varied from 1 to 5 (M = 3.87, SD = .566). From the skewness
(-.617) and kurtosis (1.875) indexes of the data, it was regarded that the data conformed to the normal
distribution (Kline, 2011). The sample was divided into high and low groups based on 27% of the score,
that is, less than or equal to 1.35 points was a low score, and more than or equal to 3.65 points was a high
score. Approximately 70.5% of the students (475) were in the high-score group, which indicated that most
of the students in the sample had an ideal level of programming resilience. However, one of the students
had an extremely unsatisfactory programming resilience (5 standard deviations below the mean) and was
in the low-score group.
In addition, the definition of programming resilience was given in the questionnaire so students could
evaluate their own programming resilience. A Pearson correlation analysis was conducted between the selfevaluation results and the score measured by the PRSUS, and the correlation coefficient was .530 (p <
.001). The students' scores of programming resilience under the different groups of the self-evaluation
showed that, when the level of students’ self-evaluation was higher, their score on the scale was also higher.
Moreover, the mean value (3.81) of the students who evaluated themselves as being at the medium level
was close to the mean value (3.87) of all 674 samples measured by the scale, indicating that most of the
students had a correct understanding of their programming resilience.
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Variance analysis
Table 7 shows the results of the independent sample t-test of the programming resilience of the male and
female students. The data indicated that there was a significant difference in the programming resilience
between the males and the females, and the programming resilience of the male students was significantly
higher than that of the female students. In the independent sample t-test, the effect size is manifested as a
mean difference such as the Cohen's d, which indicates the strength of the correlation between the gender
and the programming resilience. According to the value of the Cohen's d (0.494), the difference between
the male and female students had a medium effect (Lakens, 2013).
Table 7
The level of programming resilience of the gender subsample
Gender
N
M
SD
Male
375
3.99
.567
Female
299
3.72
.526
Note. *** p < .001

t-value
6.442

p-value
0.000***

Cohen 's d
0.4937

Moreover, according to the results of the ANOVA, no significant difference was found in the level of
programming resilience between the age (F = 1.978, p = .139, ω^2 = .003) or the grade groups (F = .354,
p = .787, ω^2 = -.003). The result of the ANOVA for age showed a small effect size, that is, age accounted
for .3% of the variability in the programming resilience scores. Regarding grade, there was almost no effect
size (Lakens, 2013).

Discussion and conclusion
In recent years, programming learning has attracted increasing attention. It has become an important skill
for students in the twenty-first century (Durak, 2018), and it is considered helpful for developing other
twenty-first century skills (Elçiçek & Karal, 2020). However, coding is difficult for many students. Ways
to improve students' programming-learning participation and help them persist in the face of difficulties
when programming learning have gradually become a hot topic for researchers (Pattanaphanchai, 2019).
In this research, programming resilience was defined as an adaptive personality trait, following one of the
mainstream definitions of resilience (Sisto et al., 2019). In addition, the PRSUS was developed to evaluate
whether university students could persist in the face of academic dilemmas when they learn programming
and trying their best to overcome difficulties. In constructing the scale, we started from the mechanism of
the action of resilience and used four internal protective factors. Among them, the Mathematical Resilience
Scale of Kooken et al. (2016) provided two of the dimensions: perceived value (value) and difficulty
cognition (struggle). The items in the dimension incremental belief were developed by the authors of this
paper. In addition, the dimension persistence was included in the structure. Items in this dimension were
adapted from previous academic resilience scales (Cassidy, 2016; Lock et al., 2019). Overall, the results
show that the PRSUS has good reliability and validity. In particularly, in terms of model fitting and the
total variance explained, the index value of this scale was better than that of many academic resilience
scales and those for specific disciplines (e.g., Cassidy, 2016; Kooken et al., 2016; Trigueros et al., 2020).
Educators will be able to use this scale to identify those students who find it difficult to finish programming
learning or to judge whether their teaching can make students more willing to overcome programming
difficulties.
The PRSUS measurement showed that most of the participating Chinese undergraduates of science and
engineering had a moderately high level of programming resilience, and generally had a correct
understanding of their own level when compared with their peers. A similar conclusion can be seen in the
study of first and second year students majoring in pharmacy, where Chisholm-Burns et al. (2019) found
that the level of academic resilience was above average. However, a number of students remained who had
a low level of programming resilience, who were easily defeated by the difficulties in programming
learning, and who tried to avoid programming courses. This type of student needs additional scaffolding
tools and encouragement from his or her teachers to overcome difficulties, develop self-confidence, and
continue learning.
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In addition, the programming resilience of male students was significantly higher than that of female
students, and this gender difference was not related to the age or grade. This was not consistent with similar
findings about academic resilience. When studying mathematical resilience in 7th and 8th-grade students,
Ricketts et al. (2017) found that girls had greater resilience than boys. The results of Cassidy’s (2016)
research about academic resilience showed that, for British undergraduates, gender resulted in small but
insignificant differences. Research has shown that the dominant western perception of computer science,
especially programming, is that it is a masculine endeavour (Keller & John, 2020). Female students tend to
lack the curiosity, motivation and integration capabilities for programming, and they lack the confidence
in their ability to code properly (Malik & Coldwell-Neilson, 2018). This might be one reason why boys
have higher levels of programming resilience than girls. Therefore, girls deserve more attention from
teachers in learning, regardless of the girls’ age or grade, which means helping female students improve
their programming resilience will help improve their programming-learning performance and outcomes.
Regarding age and grade, no significant difference was found in the level of programming resilience
according to the measurement of the PRSUS. In Chisholm-Burns et al. (2019), academic resilience among
pharmacy students was investigated. Their result also showed that the age difference in academic resilience
was not significant. However, compared with students in higher grades, first year pharmacy students
showed significantly higher levels of academic resilience. Conversely, the research of Lanuza et al. (2020)
indicated that, when a student is older and they experience more academic difficulties, their level of
academic resilience will be higher. One possible explanation for these inconsistent findings might have to
do with the context in which the resilience arises. Regarding programming learning, the effect is never
instant. Coding requires long-term learning and practice. When students learn more, they encounter more
difficulties, and they are more likely to have higher levels of programming resilience if they can persevere.
In this study, the level of programming resilience in fourth year students was higher than that of the students
in the three lower grades, although the difference was not significant. Thus, if a wider range of grades was
examined, a significant difference might result between students in higher and lower grades.
This research has some limitations that should be addressed in future studies. First, the participants were
undergraduates majoring in science and engineering at universities in China. The scale based on these data
is therefore limited in its universality. Further verification of the scale is needed to determine if it can also
be applied to students in higher or lower grades and whether it is applicable to students with other majors.
Second, the sample consisted of far fewer third and fourth year students than first and second year students,
leaving students in the higher grades potentially underrepresented. Future research should ensure that
students from all grades are evenly represented.
In future study, the scale will help researchers carry out deeper research on students' programming
resilience, understand the current situation of students' programming resilience, explore the factors that
influence programming resilience, and explore the interrelationship between various teaching factors
including programming resilience. In addition, researchers can further explore the relationship between
programming resilience and students' programming achievement, and how programming resilience affects
programming achievement. Moreover, it may help researchers examine the influence of different teaching
interventions on students’ levels of programming resilience, which can help teachers improve their
programming teaching, help students overcome the difficulties in the process of programming learning, and
obtain successful learning outcomes.
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Appendix A
Programming Resilience Scale for university students
(English version)
Persistence
When I encounter difficulties in programming that might cause most people to give up, I will keep
trying.
I stand strong and keep fighting even if I cannot get help and support for a long time due to problems
in programming.
I am not going to lower my standards or change my goals simply because I encounter some difficulties
in programming.
Perceived value
Having a solid knowledge of programming helps me understand more-complex issues in other
disciplines.
Programming thinking can help me deal with things that matter to me.
A knowledge of programming is very helpful no matter what subject I decide to study.
Difficulty cognition
Good programmers experience difficulties when solving programming problems.
People in my peer group struggle sometimes with programming.
Having difficulty in programming learning or having repeated errors in the program is a normal part of
working on programming.
Incremental belief
Anyone can achieve satisfactory results on a programming exam by working hard.
Anyone can master the basic concepts of programming through hard work.
Anyone can master programming skills through hard work.
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