Engineering students’ strategies to learn
programming correlate with motivation and gender
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Abstract—This full research paper reports on a study where
we investigated engineering students’ learning to program. In
particular, we explored differences in students’ strategies, how
they work in the computer lab, and if this is related to their
motivation, gender and overall tendency to engage in thinking.
We gathered survey data from first year engineering students in
an introductory, compulsory programming course. The survey
consisted of established instruments and items constructed by
us. 67 students answered the survey (response rate of 43%).
18% of the students that answered the survey did not have
previous experiences of programming, and 43% were female. An
exploratory factor analysis of the items relating to how students
learn programming revealed three factors: 1) the individual
thinker, 2) the social reader, and 3) the interactive problem-
solver. We found gender differences relating to the second factor;
female students reported more frequent use of the social reader
strategy. There were also differences in reported used strategies
and how students worked in the lab, previous experiences, need
for cognition and motivation. These differences indicate that
the factors individual thinker and interactive problem-solver
were privileged in this programming course. Further research is
needed to explore these findings in different educational contexts.

Index Terms—novice programmers, introductory program-
ming, learning strategies, pragmatism, gender differences, mo-
tivation

I. INTRODUCTION

It is well known that students find it difficult to learn
programming and the dropout rates from programming courses
are high [1]. There are many reasons as to why students find
programming difficult and may consider dropping out. Lack of
motivation is one important reason [2], also, drop-out students
found learning programming time consuming and involving
hard work, and that falling behind in their work influenced
their decision to leave [3]. Another issue for concern is the
under-representation of women in computer science (CS) [4].
Moreover, working hands-on at the computer seems to be an
important aspect of learning to program [5], [6]. Students learn
both theoretical concepts and practical skills when interacting
with the computer. The learning process seems to go back and
forth involving both thinking and doing [7], [8]. Furthermore,
previous research has found that students learning to program
use various strategies to get ‘unstuck’ [9]. It also seems that
successful CS students spend more time working hands-on at
the computer [6].
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Taken together, the research summarized above reports on
that learning programming is demanding. However, in order
to better understand why learning programming is difficult
for many students, we need to investigate specifically how
students differ when learning programming. This led us to
investigate in more detail what strategies are used when
learning to program. In particular, we aimed to explore if there
are differences in students’ strategies, how they work in the
computer lab, and if this is related to their overall tendency
to engage in thinking and their motivation. We also wanted
to explore if there are gender differences relating to learning
strategies.

The current study is part of a larger research project aiming
to explore how novices learn to program, involving investiga-
tions in both experimental set-ups and authentic educational
settings [5], [7], [10], [11]. The context of the present study
was an introductory programming course, or module, for first
year engineering students at a Swedish university. The course
was taught part-time in parallel to other courses and was
compulsory for the students. The students were non-CS majors
but could, if they wanted to, choose to continue into a CS
major trajectory during their second year of study.

II. BACKGROUND
A. Learning to program

Learning programming is demanding and requires various
cognitive processes, including cognitive skills such as recogni-
tion, evaluation, abstraction, and problem-solving [12]. How-
ever, learning programming also involves doing, i.e. writing
code hands-on [6], [13]. The thinking and doing seems to
interplay so that students think and do (write code, try ideas)
intertwined [7]. There is agreement that learning hands-on at
the computer is essential to students’ learning programming,
and computer labs and programming assignments are common
activities in CS courses [14], [15]. Successful students have
been found to spend considerably more time working hands-
on at the computer compared to less successful students [6].
Students often work on programming assignments together in
small groups or pairs, where one of the students has control
over the keyboard and the others contribute to solving the task
by being involved in discussions or providing help. Working
together with a programming assignment can be beneficial for



students’ learning [16]. However, social dimensions come into
play which can affect the collaboration between the students,
and in turn how they solve the task. Working together with
another student equally engaged in solving the assignment is
more effective and supportive [10], [17]. Moreover, how well
students know their partner may influence how they allow
the other students to work hands-on and take turns at the
keyboard, and consequently what they learn [5], [18]. When
students have notable differences in programming knowledge
and skills, the teamwork seems to be more unequal, and
less experienced students may risk not to learn from the
collaboration [10], [19].

The fact that women are under-represented in CS, despite
efforts to attract more women, is discouraging. Numerous
studies have explored why this may be the case [15]. Beyer
[4] found that men had significantly higher computing self-
efficacy than women, and that women rated their CS ability
lower than men. Moreover, women felt that intrinsic factors
were important in choosing a career, and were less likely to
take another CS course in the future compared to men. These
differences were salient, despite no significant differences i
CS grades. Women have also been found to have lower sense
of belonging to computing compared to men, and this feeling
decreased further during an introductory course [20].

B. Learning strategies and motivation

There is a substantial body of research that reports on how
students differ in their approach to learning, their conceptions
of knowledge and learning, their level of self-regulation and
their motivation to study [21]-[23]. Students tend to seek
meaning and understanding, or try to learn enough to pass the
exam. Their intentions correlate with their study strategies and
also what they learn [24]. Researchers have described these as
students’ overall learning pattern, emphasizing the importance
of the context and that students’ learning patterns is “a result
of the interplay between personal and contextual influences”
[22, p. 271].

In addition to the approach or learning pattern students
adopt, their motivation significantly influence their learning.
Various factors contributing to both extrinsic or intrinsic
motivation play important roles in learning programming [25].
Intrinsic motivation means that a student is driven by a genuine
interest and personal satisfaction, rather than external pressure
or seeking a reward (i.e. grade). The latter is referred to as
external motivation. A study of first year IT students found
that female students were more motivated than male students,
and scored significantly higher on both intrinsic and extrinsic
motivation [26]. Also, intrinsic motivation was correlated to
higher academic achievement whereas extrinsic motivation
correlated to lower academic achievement. Another study
reports that students prior programming experience is related
to their motivation; students with no prior knowledge were
more driven by external motivation compared to students with
prior knowledge [27].

III. THEORY
A. Pragmatism as an theoretical foundation

Our theoretical standpoint in this study is a pragmatic
view of learning. Dewey, a pragmatic thinker, describes the
learning process in terms of experience, inquiry and continuity
[28, p. 58]. In learning, action and thinking are intertwined
according to Dewey, and knowledge is obtained through expe-
riencing consequences of actions. Through thinking, symbols
and operations are created as a way of simulating different
consequences of an action without experiencing them. This
allows us to better handle changes in the environment [29],
which is how knowledge primarily reveals itself [28]. The
individual seeks a balance with the environment and when we
face situations that are new to us an opportunity for learning
opens up. This process is called an inquiry by Dewey [28,
p- 58]. Through reflection and available resources, the individ-
ual formulates hypotheses about different ways of acting and
possible consequences. In a Deweyan framing, this would be
a sequence of inquiries linked together, forming understanding
in the end. The individual uses prior experiences as a starting
point in the process of inquiry according to Dewey’s principle
of continuity. This principle also includes direction in the form
of purpose in education.

We have used this pragmatic view of knowledge and
learning in previous studies about programming [7], [10],
[30], and it is also used by researchers in other educational
disciplines in order to understand educational practices (e.g.
[31], [32]). Interacting with the computer environment is an
essential part of learning to program, described by the second
author as practical thinking while programming [7]. Practical
thinking builds upon the Deweyan rejection of the dichotomy
of practice and theory. Dewey states: “The concrete fact behind
the current separation of body and mind, practice and theory,
actualities and ideals, is precisely this separation of habit and
thought. Thought which does not exist within ordinary habits
of action lacks means of execution.” [33, p. 17].

B. Need for cognition and motivation

In addition to the overall theoretical perspective of prag-
matism described above, two other theoretical concepts are
important for learning and achievement, and therefore also
to the present study: need for cognition and motivation. A
brief description of these concepts will be presented here.
Learning programming is cognitively demanding and requires
both lower and higher cognitive processes as well as various
cognitive skills such as recognition, evaluation, abstraction,
and problem-solving [12]. Humans differ in their tendency to
enjoy thinking and engage in cognitively demanding tasks.
Cacioppo and Petty [34] developed a scale to measure this
tendency, called Need for Cognition (NFC). Students with
a high score on NFC are more likely to engage in and
put more effort into challenging tasks compared to students
with lower scores. The tendency to enjoy and engage in
thinking have been shown to relate to university students’
academic achievement [35]. Similar findings have been found
in secondary students learning to program [5].



Motivation is the drive or desire to accomplish something;
it can be to learn a new language, or pass an assessment
task. Motivation is thus directed towards an end, a goal, and
relates to affect, effort and action. Moreover, motivation is
a multidimensional phenomenon, including different types of
motivation based on the different reasons behind the action
[36]. Motivation is often divided into intrinsic motivation,
which refers to doing something because it is inherently
interesting or enjoyable, and extrinsic motivation, which refers
to doing something because it leads to a separable outcome”
[36, p. 55]. The Intrinsic Motivation Inventory (IMI) [37] has
been developed as a tool to measure subjects’ levels of intrinsic
motivation, including items relating to interest, enjoyment,
perceived competence, effort, importance, and pressure related
to a certain situation.

Following our theoretical stance of pragmatism, action (do-
ings) and thinking are intertwined when learning to program
(practical thinking). The two inventories described above were
chosen to capture aspects of importance to students learning
programming relating to thinking and intrinsic motivational
outcomes respectively. Aspects of importance relating to doing
were captured by items constructed by us, as described below.

IV. METHOD AND RESEARCH DESIGN
A. Research design and Data collection

The present study used a cross-sectional study design where
we collected survey data from first year engineering students
in an introductory programming course in 2018. Computer
science (CS) was not the students’ major subject, but they
could specialize in CS later during their education. The course
ran part time over one semester, in parallel to other courses.
The survey was distributed manually to students after about
6-7 weeks, in connection with the mid-course exam, and the
students answered on paper. In order to capture how students
learn programming (doing aspects), we constructed 13 items
(see table IV-C1) related to how they learn programming and
three items of how they worked in the computer lab (by them-
selves, in pairs at one computer or together but on separate
computers). We also constructed 21 items that related to their
experiences of learning programming more broadly, i.e. emo-
tional aspects, interaction with the programming environment
and aspects relating to working with others. The items was
constructed based on observations and interviews, conducted
by the second author as part of the larger research project, with
students taking the course. The findings from observations
and interviews have been, or will be, published elsewhere
[71, [10]. The survey also included the following background
information and items from established instruments:

« Background questions on gender and prior experiences in
programming.

o Need For Cognition (NFC) inventory [38], an instrument
(16 items) that measures the tendency for an individual to
engage in and enjoy thinking. We used a Swedish version.
The instrument is designed to measure attitudes relatively
stable over time.

o Intrinsic Motivation Inventory (IMI) [37], which consists
of four subscales: interest-enjoyment (7 items), perceived
competence (6 items), effort-importance (4 items), and
tension-pressure (4 items). We used a Swedish version.

67 out of ca 155 students answered the survey (response
rate of 43%), 55% of the students that answered were male
and 43% female. One student did not state his/her gender and
was excluded from the gender category due to the small size.
81% of the students that answered the survey did not have
previous experiences of programming.

B. Data pre-processing of the variables

The survey was distributed and answered on paper. The data
was afterwards entered to Excel and exported to SPSS 26,
where all the statistical analyses were conducted. Some data
pre-processing was done before the statistical analyses were
conducted, which is described in detail below.

e NFC was calculated with values from participants that
answered more than 50 % of the NFC scale (6 %
excluded). The values were an average of the questions
answered raging from 4 to -4, with 4 considered a high
NFC score (high score of enjoyment of thinking/problem-
solving).

o All of the IMI subscales were calculated, separately, with
values from participants that answered more than 50 % of
the questions per subscale (10 % excluded) and the values
were an average of the questions answered, ranging from
1 to 7, with 7 considered the highest value.

o The three factors that emerged during the factor analysis
were calculated during that process and all the factors
ranged from a value of -2.5 to a value of 2.5. where 2.5
were the highest value on that factor.

o The index “continue with programming” was calculated
by taking the maximum of the two items “I intend to
continue programming because it gives me pleasure” and
“I intend to continue programming because I'm good at
it”. Both values were measured on a likert scale (1-7) (1
= do not agree at all, 7 = completely agree).

o The variables measuring how students worked in the lab
sessions used in the cluster analysis were measured on a
scale 1 to 4, (1=rare, 4=very often), see ref IV-C2.

« All the other items included in this survey were measured
on a likert scale (1-7) (I = do not agree at all, 7 =
completely agree).

To be able to examine if there were any significant differences
between the groups, all the variables were tested for normal
distribution with the Kolmogorov-Smirnov test. This test was
chosen because of the size of the sample (50 < n < 100).
The variables NFC, IMI (interest-enjoyment) , IMI (perceived
competence), IMI (tension-pressure), Social reader (f), Inter-
active problem-solver (f) each had a non-significant result on
the Kolmogorov-Smirnov test and are therefore considered
to have approximately a normal distribution. Consequently, a
parametric test was used on those variables (eg. independent t-
test). The variables IMI (effort-importance), Individual thinker



TABLE I
ITEMS ABOUT HOW I LEARN PROGRAMMING (LIKERT SCALE 1-7)

No | Items

1 I learn well by discussing with my lab partner

2 I learn well when I test an idea by writing code

3 I learn well by asking the TA

4 I learn well by reading lecture notes

5 I learn well by googling the answers for my questions

6 I learn well by reading example code

7 I learn well when I write code by myself

8 I learn well when I sit next to someone who writes code
9 I learn well when I draw sketches of how the program works
10 | When I get stuck, I prefer to ask others first

11 | When I get stuck, I first try to figure out it out my self
12 | I think out the solution first and then I implement it

13 | I write code and think out the solution at the same time

(f) and Continuing with programming (i) had a significant
result on the Kolmogorov-Smirnov test, and therefore we used
a non-parametric tests on those variables (eg. independent
Mann-Whitney test).

C. Data analysis

1) Exploratory factor analysis: As a first step, we con-
ducted an Exploratory factor analysis (EFA) on the 13 vari-
ables on resources used to learn programming described in
table I. We found three factors that captured different strategies
when learning programming. Of the initial 13 items, three
items were excluded (no 1, 6 and 9) because they did not
fit the model and loaded on different factors. Item 6, about
using code examples, could be interpreted in two ways: one
could read the example code from a teacher or from the
internet. We believe this ambiguity could explain why this
item did not have a clear loading on a single factor. Also,
we mean that the item regarding reading lecture notes (no
4) captured the interpretation of reading example code from
a teacher, and the item about googling (no 5) captured the
interpretation of reading example code from internet. Thus,
item no 6 was excluded. The second item that was excluded
was no 1, discussing with my lab partner. Other questions in
this survey revealed that most of the students did not work
with a lab partner, making the item irrelevant to most of the
students. This may explain why the item did not load clearly
on any of the factors.

The third item we excluded was no. 9, about sketching when
solving problems in programming. The analysis revealed that
this item was not related to the others and only confused the
analysis. It was therefore excluded. To make sure that this
exclusion does not bias the result of the factor analysis we
tested an EFA on a model with no. 9 included. This test
resulted in the same factors and the same items loading on
them, with only minor differences in loading factor values.
The biggest change on the loading factors was an increase of
.07 on item no. 7, followed by a .06 increase of no. 11, and
a decrease of .06 of no. 2. From this test we conclude that it
is safe to exclude no. 9.

TABLE II
PATTERN MATRIX - LEARNING STRATEGIES

No | Individual thinker | Social reader | Interactive problem-solver
2 .71
3 .67
4 .69
5 77
7 .81
8 .76
10 .85
11 .60 —.44
12 .76 —.32
13 77

Extraction Method: Principal Component Analysis.
Rotation Method: Oblimin with Kaiser Normalization.
Loading factors less than .3 are excluded for readability reasons.

The exploratory factor analysis of the remaining 10 items
relating to how students learn programming revealed three
distinct factors. This model explained 65% of the variance.
The three factors are: 1) Individual thinker, 2) Social reader,
and 3) Interactive problem-solver (see table II). These factors
correspond to three different strategies students used to learn
programming.

2) Cluster analysis: The second step in the analysis in-
volved cluster analysis. The students could choose how to
work at the lab sessions: alone, together in pairs with two
computers, or together in pairs working on one computer.
The students reported if they worked alone or in pairs during
the labs that were mandatory, responding to three statements
on the survey. The cluster analysis were calculated using
two of the items about how the student worked during the
lab sessions and if the students stated that they had prior
experience of programming before the course. The two items
were in answer to this question: “How did you mostly work
during the labs? Take a stand on each statement and circle
the option that best suits you. 1 = rare, 4 = very often.”
The first statement being: “ I worked on a computer by
myself”’, and the second statement being “I was working
with a lab partner on one computer”. The third statement
that did not contribute to the cluster analysis and therefore
where omitted where answer to the same questions as the
other two: “I worked with a lab partner but we each wrote
on our separate computers”. The cluster analysis revealed that
the students with prior experiences of programming always
chose to work alone, as did half of the students without prior
experiences. The remaining students without prior experiences
worked mostly together in pairs, sometimes on one computer
and sometimes with two computers. We identified these groups
with a cluster analysis with a good fit (average silhouette =
0.6). The three groups being: 1) non-prior experiences and
worked in pairs (n = 22), 2) non-prior experiences and worked
alone (n = 25), and 3) prior experiences and worked alone
(n = 12) a total of 59 students of the 67 students due to
missing data.



V. ETHICAL CONSIDERATIONS

Ethical guidelines concerning research involving human
beings were strictly followed. The students were informed
orally about the study prior to data collection. Participating
in the study, i.e. answering the survey, was voluntary. The
integrity of the participants was protected since the data was
anonymous, no personal or sensitive information collected and
the results only presented on a group level.

VI. RESULTS
A. Group comparison

In this section we compare groups found within our student
survey data, and report on differences between those groups.
The first group comparison is based on how the students
chose to work in the lab sessions, mostly together with a
lab partner versus mostly alone. The grouping is a result of
our cluster analysis, described in section IV-C2. The group
of students working alone correspond to groups 2-3 from the
cluster analysis, while students working together correspond
to cluster group 1. Secondly, comparing the group with prior
experience of programming with the group without. All of the
students with prior experiences of programming also chose
to mostly work alone. Finally, we also compared differences
between male and female students. Only significant results are
reported, see Table III for an overview.

1) Comparisons between students who worked alone with
students that worked together with a lab partner: Students
who mostly worked together during the lab sessions scored
significantly lower on the NFC (M = 1.26, SD = .84) than
students that mostly worked alone (M = 1.88, SD = .84),
t(57) = —2.76, p = .008, d = .74. They also scored lower
on the IMI interest-enjoyment (M = 4.26, SD = .75) and
the perceived competence (M = 3.28, SD = .91) subscales
compared to students who mostly worked alone (M = 4.78,
SD = 1.21 and M = 4.00, SD = 1.60), t(57) = —2.01,
p = .050, d = .51 and t(57) = —2.19, p = .033,
d = .51 respectively. Levene’s test indicated unequal variances
(F = 4.04, p = .049 interest-enjoyment and (' = 6.24,
p = .015) perceived competence), so degrees of freedom were
adjusted from 57 to 56.8 for both subscales but shown as
the nearest whole number above. Furthermore, students who
worked together with a lab partner scored lower on the IMI
effort-importance subscale (Mdn = 5) than students who
worked alone (Mdn = 6), U = 582, p = .006, r = .36. We
also found that the factor Individual thinker was significantly
lower for students who mostly worked together at lab sessions
(Mdn = —.23) than for students that mostly worked alone
(Mdn = 44), U = 576 , p = .004, r = .38. Also,
the index “Continuing with programming” was significantly
lower for the students that mostly worked together at lab
sessions (Mdn = 4) than for students that mostly worked
alone (Mdn =5), U =500, p=.022, r = .31.

The results indicate that students who chose to work to-
gether during lab sessions tended to enjoy thinking to a lesser
degree, be less interested in programming, felt that they were

TABLE III
SIGNIFICANT DIFFERENCES BETWEEN GROUPS, * 0.05, **0.01

Factors Lab work | Experience Gender
(A/T) (Yes/No) (M/F)

NFCy Alone** Experience*

IMI (interest-enjoyment) Alone* Experience*

IMI (perceived competence); | Alone* Experience**

IMI (tension-pressure)q No experience™

IMI (effort-importance)o Alone** Experience*

Individual thinker (f)2 Alone** Experience**

Social reader(f); Foe

Interactive problem-solver(f); Experience**

Continue programming (i)2 Alone* Experience* M*

1: Independent t-test, 2: Mann-Whitney test

Column 1: Compare mean/rank between the group of students that mostly
worked individually at lab sessions with the students that mostly worked
together with a lab partner (Grouping: alone/together)

Column 2: Compare mean/rank between the group of students that have no
no prior experience of programming before the course with the students that
have programming experience (Grouping: Experience/No experience)
Column 3: Compare mean/rank between the male and female students
(Grouping: Male/Female).

Only significant results are shown. When significant differences are present
the group with the highest value on that factor are shown.

less competent and valued programming less compared to
students who mostly worked individually. It is therefore not
surprising that the group of students who worked together also
wanted to continue with programming to a lesser degree.

2) Comparisons between students with no prior experience
of programming with students that have programming experi-
ence: Students with no prior programming experience scored
significantly lower on the NFC test (M = 1.45, SD = .89)
than students with prior experience (M = 2.15, SD = .83),
t(61) = —2.45, p = .017, d = .81. Students with no prior
experience also scored lower on the IMI interest-enjoyment
(M = 4.39, SD = 1.16), and the perceived competence
(M = 3.29, SD = 1.21) subscales compared to students with
prior experience (M = 5.18, SD = .64) and (M = 5.32,
SD = 1.04), ¢(58) = —2.27, p = .027, d = .85. and
t(58) = —5.33, p < .001, d = 1.80 respectively. Furthermore,
students with prior experience scored higher on the IMI effort-
importance subscale (Mdn = 6) compared to students with
no prior experience of programming (Mdn = 5.5), U = 410,
p = .024, r = .29. However, the IMI tension-pressure subscale
score was significantly higher for students with no prior expe-
rience of programming (M = 3.95, SD = 1.36) than students
with prior experience (M = 2.85, SD = 1.63), t(58) = 2.40,
p = .019, d = —.73. The analyses indicated that the factor
Individual thinker was significantly lower for students with
no prior experience of programming (Mdn = .11) than for
students with prior experience (Mdn = .84), U = 432 ,
p = .008, r = .33. The same was found for the factor
Interactive problem-solver: students with no prior experience
of programming (M = —.20, SD = .90) compared to
students with prior experience (M = .93, SD = .90),
t(61) = —3.72, p < .01, d = 1.25. Students without prior
experience scored significantly lower on “Continuing with
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Fig. 1. The graph displays significant differences between female and male in our study regarding the learning strategic Social reader, the index “Continue
with programming, agreement with the statement: "I need to be a little better than most in the course to be happy with my performance” and agreement with

the statement: ”If I work with someone who is better than me, I learn a lot”

programming” (Mdn = 4) compared to students with prior
experience (Mdn = 6), U = 367 , p = .037, r = .28.

The results suggest that students with prior experiences of
programming (12 students) used the Individual thinker strategy
and the Interactive problem-solver strategy more than students
without prior experience. This group also scored higher on the
NFC test and felt more motivated and less pressured. They also
felt competent and plan to continue with programming after
the course because felt they were good at programming.

3) Comparisons between male and female students: Female
students scored significantly higher on the factor Social reader
(M = .70, SD = .70) than male students (M = —.57, SD =
.85), t(60) = —6.30, p < 0.01, d = 1.62 (independent t-test).
Furthermore, the index ”Continuing with programming” was
significantly lower for female students (Mdn = 4) than for
male students (Mdn = 6), U = 263 , p < .049, r = .27
(Mann-Whitney test).

The female students in our study seemed to prefer the Social
reader strategy when learning to program, and were also to
a lesser degree than male students considering continuing
with programming. These results led us to explore our data
further in order to shed more light on the gender differences.
In the end of our survey we asked the students to agree,
on a likert scale (1-7), with items relating to programming
more broadly (21 items in total). These items were based
on interviews conducted previously and reported elsewhere
[7], [10]. Two of the items showed significant differences
between the gender groups and are reported here. Female
students scored significantly lower on the item I need to be
a little better than most in the course to be happy with my
performance” (Mdn = 2) than male students (Mdn = 5),
U =130,5, p <.001, r = .57 (Mann-Whitney test). Women
scored higher (Mdn = 5.5) than men (Mdn = 5.5) on the
item “If I work with someone who is better than me, I learn
alot” (Mdn = 4), U = 517 , p = .037, r = .28 (Mann-
Whitney test). All of the four differences between female and
male are also displayed in box plots. See Figure 1.

TABLE IV
CORRELATION BETWEEN LEARNING STRATEGIES AND OTHER VARIABLES

Individual Social Interactive
thinker reader problem-solver

NFC r = .31%
IMI (interest-enjoyment) | rs = .56%** r=.27*%
IMI (perceived
competence) rg = .49%* r=.27*%
IMI (tension-pressure) r = .28%
IMI (effort-importance) rs = .43%* | rg = —.31%*

r: Pearson’s r - Pearson product-moment correlation coefficient.
rs: Spearman’s rho - Spearman’s rangcorrelation coefficient.
#%_Correlation is significant at the 0.01 level (2-tailed).

*. Correlation is significant at the 0.05 level (2-tailed).

N = 61 for NFC, N = 58 for IMI, all sub-scales

B. Correlations between learning strategies and other factors

The factor analysis revealed three distinct factors, as de-
scribed above (see table I and II). The Individual thinker
strategy is characterised by learning when testing an idea
by writing code individually and when stuck, trying to solve
the problem by oneself first. The strategy can be said to be
more “thinking first, and then writing code”. Contrasting, the
Interactive problem-solver strategy is interactive, and thinking
and writing code is intertwined, using other resources such
as Google when needed. What is salient in the Social reader
strategy is that working together with others, asking for help,
discussing or looking at someone writing code, is the main
way to learn. The Social reader strategy also includes reading
lecture notes. Individual students use all these strategies to
some extent, but to varying degrees. As a final step, we
conducted correlation analyses where these learning strategy
factors described above were analysed in relation to motivation
(IMI) and need for cognition (NFC). The results from the cor-
relation analyses are summarized in table IV. The Interactive
problem-solver strategy correlated significantly with NFC, and
the IMI subscales interest-enjoyment and perceived compe-



tence. The Social reader strategy correlated significantly with
IMI subscale tension-pressure, and also with gender (described
above). Notably is the negative correlation with the IMI sub-
scale effort-importance. The Individual thinker strategy highly
correlated with the IMI subscales effort-importance, perceived
competence and interest-enjoyment. Thus, intrinsic motivation
and an Individual thinker strategy are highly correlated taken
as a whole. In addition to the NFC and IMI tests, we also
tested emotional items about programming (constructed by
us as described above) and found that the three strategies
correlated with different items. The Individual thinker strategy
correlated with feelings of pride and joy, and with plans to
continue with programming because it was delightful (see
table V). The Social reader strategy correlated with feelings
of frustration and experiencing learning programming as an
emotional roller-coaster, and negatively correlated with plans
of continuing with programming after the course (see table
VI). The Interactive problem-solver strategy did not correlate
with any emotional items, but with plans to continue with
programming because of perceived competence (see table VII).

TABLE V
CORRELATION THE STRATEGY Individual thinker AND ITEMS
(SPEARMAN’S RHO, SIG. (2-TAILED))

Items Corr Sig.

It is educational to explain to others rs(53) = .57 | p < .001
I am proud of my solutions rs(53) = .43 | p=.001
I am most satisfied with a solution I

have come up with completely by myself | rs(54) = .32 | p = .018
I intend to continue programming

because it gives me pleasure rs(52) =.34 | p=.013
I see programming as a language where

I communicate with the computer r5(53) = .28 | p=.042

TABLE VI
CORRELATION THE STRATEGY Social reader AND ITEMS (SPEARMAN’S
RHO, SIG. (2-TAILED))

Items Corr Sig.

I need to be a little better than most

in the course to be happy with my

performance rs(52) = —.43 | p=.001
If I work with someone who is

better than me, I learn a lot rs(53) = .35 p = .009
I experience learning programming

as an emotional roller coaster rs(54) = .34 p=.011
I intend to continue programming

because it gives me pleasure rs(52) = —.33 | p=.014
I intend to continue programming

because I’'m good at it rs(52) = —.31 | p=.023
I get frustrated when my solutions

do not work rs(54) = .31 p =.021
I am most satisfied with a solution

I have worked out together with others | 75(52) = .29 p=.03

VII. RELIABILITY AND VALIDITY

In this section, we will discuss both the validity and
reliability of our study. There are several limitations to our
study. First, the sample is relatively small and collected at one
university only. Second, we collected the survey in connection

TABLE VII
CORRELATION THE STRATEGY Interactive problem-solver AND ITEMS
(SPEARMAN’S RHO, SIG. (2-TAILED))

Items Corr Sig.

I see programming as a language

where I communicate with myself rs(53) = .48 | p < .001
I intend to continue programming

because I'm good at it rs(52) = .44 | p=.001
You do not have to be better at program-

ming to be able to help someone rs(53) = .36 | p=.007
Programming is very open and there

are no clear right and wrong rs(54) = .31 | p=.027
I need to be a little better than most

in the course to be happy with my

performance rs(52) = .29 | p=.032
It is educational to explain to others rs(53) =.29 | p=.031

to the mid-term exam, which was not an ideal point in
time. Also, the survey included relatively many items, which
may explain some internally missing data. Our relatively low
response rate of 43% is due to not getting access to all the
students, not biased of student choosing not to hand the survey
in, which gives reliability to our results despite the response
rate. However, the internal consistency of the established
inventories used (NFC and IMI) were satisfactory. In table
VIII the items of the inventories we used in our study were
tested with a Cronbach’s alpha value [39] of over .8 for all of
the IMI subscales which is considered good, and .7 for NFC
which is considered acceptable.

TABLE VIII
INTERNAL CONSISTENCY (CRONBACH’S ALPHA)

Index Nr. of items  Cronbach’s alpha value
NFC 16 75
IMI (interest-enjoyment) 7 .84
IMI (perceived competence) 6 91
IMI (tension-pressure) 4 .82
IMI (effort-importance) 4 .80

Furthermore, the exploratory factor analysis revealed three
distinct factors, which in turn correlated significantly to other
variables. The factors, or learning strategies, relate to previous
work [9] and the interviews with students taking this particular
introductory course [7], [10]. Thus, the ecological validity of
the identified factors is considered good.

VIII. DISCUSSION

In this study we report on three different strategies to learn
programming: Individual thinker, Social reader and Interactive
problem-solver. Two of these strategies, the Individual thinker
and the Interactive problem-solver, highlight that learning
programming involves both doing and thinking, but in slightly
different ways. While the latter strategy seems to be a highly
interactive and intertwined process of thinking and doing, the
former suggests that the thinking and doing might be more
separated so that students think about a solution first, and then
implement that idea by writing code. These two strategies are
in agreement with previous findings of learning programming
by going back and forth between thinking and writing code,



e.g. between theory and practice [7], [13], [40]. The third
strategy, the Social reader, highlights the social aspects of
working and learning together in addition to the thinking and
doing aspects.

The correlation analyses revealed interesting differences
between the strategies regarding motivation. The Individual
thinker and the Interactive problem-solver strategies correlated
positively to being interested and enjoying programming, and
feeling competent. The Social reader strategy, on the other
hand, correlated positively with experiencing tensions and
pressure. This indicates that students who used Individual
thinker or Interactive problem-solver strategy was more in-
ternally motivated, and students who preferred the Social
reader strategy were driven mainly by extrinsic motivation.
Consequently, this may influence their learning, since in-
trinsic motivation have been found to positively correlate to
higher achievement [26]. We also found that the Interactive
problem-solver strategy correlated positively with a high score
on the NFC inventory, suggesting that students who prefer
an Interactive problem-solver strategy also enjoy thinking
more compared to students who use the other two strategies.
Although the tendency to enjoy and engage in thinking is
considered to be relatively stable, young people have been
found to increase their score on NFC over time [41]. One
explanation to our finding might be that, since programming
is cognitively demanding, learning programming and develop
an interest and competence in programming also develops your
interest and enjoyment in thinking and problem-solving.

Furthermore, we found differences in how the strategies
related to emotional aspects. The Individual thinker strategy
related to positive emotions, such as being proud and satisfied
with own solutions, and wanting to continue with program-
ming because it is pleasurable. Contrasting, the Social reader
strategy related to negative emotions, such as frustration and
the experience of learning programming as an emotional roller
coaster. Solutions that were the result of collaborative work
were more satisfying for students who preferred the Social
reader strategy. Interestingly, the Interactive problem-solver
strategy did not correlate to emotional aspects.

Our results also point to a strong gender difference, where
female students seemed to prefer the Social reader strategy
and reported to a lesser extent that they planned to continue
with programming. Social aspects of learning programming
seems to be important, especially to women. One explanation
may be that due to lower computing self-efficacy and belief
about their ability [4], women may find working together at
the computer comforting, helpful and more enjoyable [10],
[16]. Another explanation may be that female students value
a collaborative learning environment, where helping others and
contributing to the community is the norm, higher than men
do [20]. It is discouraging that our results point in the same
direction as other studies [4], [15], [20], indicating that women
to a lesser extent plan to continue with programming after the
introductory course.

The majority of the students in our study were novices,
lacking previous experiences of programming. However, our

findings suggest that the students with previous experiences
of programming had a major advantage. Experienced students
felt more competent, less pressured, more interested and en-
joyed programming more compared to students without prior
experience. Students with prior experience seem to use the
Interactive problem-solver strategy more than inexperienced
students. Interestingly, this strategy is less associated with
emotions, suggesting that novices may experience more emo-
tions when learning programming. Furthermore, it was also the
experienced students who, to a greater extent, reported that
they wanted to continue with programming. These findings
raise questions on how well we facilitate learning for novices
and female students in the introductory programming courses.
Our results indicate that experienced students use the In-
teractive problem-solver strategy, suggesting that this highly
interactive way of communicating with the computer, practi-
cal thinking while programming, is something that develops
with experience. In line with this, we suggest that novice
students have developed Individual thinker and Social reader
strategies before entering university. These strategies may
be more general, applicable to learning in many subjects.
Learning programming, on the other hand, may require a
more interactive way of thinking and doing, and it takes
time to develop this strategy. This explains why it was the
experienced students who used the Interactive problem-solver
strategy. Thus, we speculate that students who initially pre-
fer the Individual thinker or the Social reader strategy can
develop the Interactive problem-solver strategy when gaining
more knowledge and programming experience. However, it is
unclear how students who prefer and enjoy working together
develop a strategy focused on individual problem-solving.

IX. CONCLUSION AND FUTURE WORK

In this study, we explored differences in students’ strate-
gies when learning programming. We identified three distinct
strategies: Individual thinker, Social reader and Interactive
problem-solver. Gender and prior programming experience
were related to these strategies, suggesting that novice stu-
dents to a higher extent used Individual thinker and Social
reader strategies, where female students preferred the latter.
Allowing students to choose how to work, and who to work
with, together with fostering a more collaborative, inclusive
learning environment may be one way to encourage more
women to feel that they belong, and choose to continue with
programming. Our results suggest that learning programming
involves developing practical thinking, a strategy where stu-
dents interact with the computer, thinking and trying ideas
while writing code, a strategy we call Interactive problem-
solver. However, future research is needed to demonstrate if,
and how, students develop their strategy over time as they learn
more and become more competent.
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