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ABSTRACT

This paper describes a pilot intervention conducted in CS1, in the
academic year of 2016-2017. The intervention was based on the
work of Dweck, promoting a growth Mindset in an effort to in-
crease performance in introductory programming. The study also
examined data from a previous year (as a control group) to compare
and contrast the results. Multiple factors related to programming
performance were recorded with the control and treatment group,
which were measured at multiple intervals throughout the course,
to monitor changes as the pilot intervention was implemented.
This study found a significant increase in programming perfor-
mance when the intervention was deployed. However, although
performance increased for the treatment group, the average Mindset
did not significantly change towards a growth Mindset (replicating
the findings of Cutts et al, 2010). To further explore this finding,
a preliminary deeper investigation using k-means clustering was
carried out. The investigation found that the intervention promoted
a growth Mindset for some student profiles and a fixed Mindset for
others. This finding is important for educators considering interven-
tion development or implementation of Mindset, and demonstrates
that a Mindset intervention may not be suitable for all learners.
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1 INTRODUCTION

Computer Science Education (CSEd) in Ireland, has typically one of
the highest attrition rates of all third level courses, consistently for
the past decade [22, 30]. This high attrition rate is echoed in many
other jurisdictions [2]. Learning to program is often attributed
or considered a core cause for this attrition, among tertiary level
teachers and researchers [2, 26]. While it is well acknowledged that
a number of models exist to identify students who are at risk of
dropping out or failing, there is a shortfall in further development
into interventions or practices in the class room targeting attrition
rates.

This is highlighted by a call from the ITiCSE ’15 working group
[19], which identifies several grand challenges, one of which is:
"Drop-out risk and performance, which identifies students who are
at risk of dropping out, have been studied to an extent, but have not
been employed to create actual interventions where some of the pro-
posed methods would be put into practice. We believe that theoretical
results are important, but that in this field their real value comes from
application”. The fourth Grand Challenge is "to adopt results and
practices into classroom use to continuously monitor and improve
offered education.” [19]. At our institutions numerous interventions
have been examined, including: introducing Scratch in parallel to
CS1 to improve self-efficacy and performance [34, 38]; using au-
tomated assessment in CS1 [44]; using neuro-feedback system to
promote engagement [23]; and facilitating large class sizes and
interventions [31].

These are valuable pieces of work, with varying degrees of suc-
cess. Each intervention however, requires specific tools or method-
ologies to be implemented and the outcome does not directly im-
plicate a wide range of other subjects or modules. An intervention
such as promoting a growth Mindset alleviates this limitation as
it is transferable to other domains. In addition the promotion of a
growth Mindset is now becoming common practice in primary and
second level education [4]. This perhaps concurrent practice may
have long term benefits for students [9], but is outside the scope of
this paper to report on.

2 RELATED LITERATURE

Dweck has plausibly established that a person’s Mindset about
their ability can impact their performance [8]. More specifically,
she developed the idea of two Mindset types, growth and fixed
Mindset. Ehrlinger et al [10], describe Mindset as: "Believing that
one’s qualities are carved in stone (an entity theory or fixed Mindset)
activates the motivation to prove oneself over and over. If intelligence
or competence is a fixed quality, it becomes important to prove—to
oneself and others that one has that quality in spades. Research shows
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that people with a fixed Mindset will go to great lengths to feel or
appear successful, even if it sometimes involves cheating. If they are
not successful, people with the fixed Mindset may engage in a variety
of defensive behaviours to hide this. Above all, they want to have“the
right stuff”. In contrast, some people believe that where they start is
Jjust the beginning of their development. While some may start with an
advantage or disadvantage, a growth Mindset suggests that all people
can change and develop by applying effort and gaining experience.
Thus, people who subscribe to a growth Mindset are more willing to
make mistakes or appear foolish in the short run in the service of
maximising their development over time."

There appears to be very little literature on Mindset intervention
during introductory programming courses, especially at third level
and the studies available have reported mixed results. For example,
Cutts et al. conducted a study on a CS1 class, based on Dweck’s
Mindset research. Combinations of three interventions were carried
out: tutors taught Mindset to students; growth Mindset feedback
messages were given to students on their work; and, when stuck,
students were given guided pathways (cheat-sheets) to solve the
problem. The study reports that although Mindset did not change
significantly, there was a positive change in performance. Cutts et
al. put forward (both from their experiences and literature) that
students in introductory programming tend to change towards a
fixed Mindset during the course due to the very high number of
potential error points in programming [6].

A study by Simon et al. attempted a "saying is believing" inter-
vention [43] to encourage CS1 students to adopt a growth Mindset
both in general and towards programming. The study (where the
study spanned three institutions) reported no significant findings
while employing their Mindset intervention. However it must be
noted that the intervention exposure was very minimal (a single
lecture and a one page handout reminder), which was noted and
outlined in future work, by Simon et al. [43]. This suggests that
disparate, one off sessions may not be as effective as integrating
the intervention into the culture of the lectures.

Flanigan did not employ an intervention, but measured Mindset
across the semester and reported "for all students, there were signif-
icant increases in fixed Mindset and significant decreases in growth
Mindset across the semester. However, results showed that students
had higher scores for growth Mindset than fixed Mindset at both
the beginning and end of the semester". Flanigan also reported that
student Mindset was a weak predictor of performance [14].

Kaijanaho found that there was little to no correlation between
Mindset and performance in CS courses (these courses were ad-
vanced CS courses) [20]. Kaijanaho concluded: "This suggests that
any effect the Mindset has on the outcomes of these courses is
small. We conclude that educational interventions targeting stu-
dents’ Mindsets may not be worth the effort in late bachelor-level
CS education".

Gorson conducted an interview study, and found that CS students
interview answers generally did not align with Mindset theory.
Many participants either included both fixed and growth attributes
or misaligned with their associated behaviours [17].

Outside of CS1, Miller discusses a large scale study with mixed
results [28]. However Miller noted that the intervention did not
improve all grades equally: "Here we show that a short (less than one
hour), online growth Mindset intervention . .. improved grades among
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lower-achieving students and increased overall enrolment to advanced
mathematics courses”. This suggests that Mindset interventions may
affect sub-groups of students differently.

Dweck and Yeager, in 2019 reflected on two eras of research
[9], discussing early work up to and including recent large scale
studies and interventions. Yeager discusses more recent large scale
studies [32, 49] (with two replication studies [9]), reporting again
that the intervention effects on academic performance apply to
some sub-cohorts more than others, in this case low achieving
students reported the most positive effects. In all cases reported
the performance increase was minor (with effect sizes typically less
than 0.2 SD [15]). Finally the authors state: This may sound strange
to say after decades of research, but we still know far too little about
how best to transmit a growth Mindset to individuals, how contexts
determine whether students take up and apply a new Mindset, or how
to help embed a growth Mindset in the cultures of schools. Research
into these issues is critical because we have learned that it is too easy
for people to implement a growth Mindset poorly.

Overall the literature reports mixed outcomes for CS1 Mindset
interventions at third level. This perhaps is due to the limited expo-
sure that students have received, or the depth of the investigations
(only measuring Mindset vs performance for example). The largest
introductory programming intervention reported on was four con-
secutive weeks, which had some success [6]. If an intervention
was run for the entire semester (12-14 weeks), would the literature
report the same responses? In addition, could a deeper analysis un-
cover relationships undetectable at a high level, that just recorded
Mindset and performance.

3 RESEARCH QUESTIONS

Two research questions are considered in this pilot study:

(1) Can an intervention promoting a growth Mindset, improve
performance in an introductory programming course?

(2) Does promoting a growth Mindset have the same affect on all
students, or are certain student cohorts affected differently?

RQ1 is founded on the work of Cutts et al. [6] as they implemented
a similar intervention. While the methodology of this study and the
study conducted by Cutts et al. differ somewhat (student exposure
to the intervention), a goal of RQ1 is to re-validate the work of
Cutts et al. while also examining the effects of the intervention in
an Irish context. RQ2 is founded on the work of Yeager [32, 49] who
reported that the intervention effects apply to some student sub-
cohorts more than others. Thus, RQ2 aims to investigate the Mindset
changes on student sub-groups using clustering techniques.

4 DATA COLLECTION AND POPULATION
4.1 Data Collection

During the academic year 2016-17, two institutions participated in
this study (with n = 46 participants). Both institutions also partic-
ipated in a study conducted in the previous year (n = 55 ) which
is used as the control group [36]. The data collection techniques
and the factors collected (along with factor details) of the control
data-set are presented in the the references [36, 38, 39]. This al-
lowed the authors compare the control student population (with
no intervention) to the current cohort to examine the effective-
ness of the intervention. In addition the two populations were also
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compared (pre-intervention), to investigate if any differences ex-
isted that may account for variance (if any) in the affect of the
intervention (Section 4.2).

The two institutions consisted of a Community College and a Uni-
versity. The data collection process and analysis techniques were
identical to two previous studies as described in [36, 39] allowing
for comparison of the control and treatment groups. The Mind-
set survey was adopted from the work of Dweck [8], by D’Anca
[7] which was included in this study. The only other difference
to the previous studies, was that the surveys were conducted at
three stages through out the academic year. Initially before the
intervention was deployed (stage one, at approximately 10% into
the delivery of CS1), at the end of CS1 (stage two, in semester 1
before the examinations) and at the end of the academic year (stage
three, at the end of CS2 in semester 2, before the examinations).
This allowed the authors to track changes in attributes such as Mind-
set and programming self-efficacy over the entire academic year.
The survey was optional which coupled with absenteeism meant
that not all students, participated in all stages. When analysing
one or more stages, only students who were present in all stages
investigated are presented and the the associated sample size is
reported.

4.2 Population Analysis

Before the intervention results were analysed, the control cohort
of students from 2015-16 were compared to this studies interven-
tion student cohort. This was conducted at stage one, before the
intervention was applied. This was to examine if any affects of the
intervention could be attributed to pre-existing differences between
the cohorts and not as a result of the intervention. The survey ques-
tions/factors, (their design design and validation) were taken from
a longitudinal study which developed a model to predict success
[33, 35, 36, 38, 39], where the factors (or combinations of the fac-
tors) have been shown to be indicative of success in CS1. Thus if
significant differences were found in these factors between groups,
they may be attributed to the affect of this intervention (if any was
reported).

It must be noted the both institutions were delivering the exact
same course for both years, with no additional interventions or
teaching methodologies applied. Also the same lecturer, lectured
in both institutions to both groups of students (both years), thus
considerably reducing differences associated with different lecturer
delivery methods or the lecturer themselves as a contributor to
any difference in performance or Mindset changes [29]. A Welch’s
unequal variances t-test [45] was used to examine if any statistically
significant differences existed between both student cohorts using
the 12 factors collected. The results presented in Table 1 also report
the mean for each cohort data-set and show that other than Gender
balance (2015-16, n = 2 female students compared to this study
which consisted of n = 6 female students), no statistically significant
differences existed between the two cohorts.

5 METHODOLOGY

Stage one to stage two, was where the pilot intervention was applied.
This consisted of several approaches to promote a growth Mindset.
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Table 1: Comparison of the two student cohorts averages and
Welch’s t-test p-values, at Stage one, pre-intervention.

Factor 2015-16 | 2016-17 | p-value | SS
Programming Self-Efficacy -0.3295 0.2429 0.0500 N
Predicted End of Year Grade 76.72% 77.71 % 0.6989 N
Gender Balance 3.64 % 13.04 % <0.0000 | Y
Age (years) 26.45 28.95 0.2145 N
Maths Grade Normalised 6.8 6.15 0.2888 N
Maths Grade Raw 65.78 % 64.69 % 0.7548 N
Playing Computer Games (h) 1.49 1.26 0.5330 | N
Time to Complete Survey (s) 440.15 433.88 0.8322 N
Condesco 9.21 8.97 0.6063 N
Intrinsic Goal Orientation 21.65 21.02 0.3996 N
Test Anxiety 21.2 22.02 0.5180 N
Hours Spent on Social Media 1.89 1.56 03827 | N

SS = Statistically Significant with a confidence interval (CI) = 95%

The methodology was developed from previous work [6, 8, 25, 30]
and is composed of three parts:

Dedicated lecture time: Time was dedicated to the intervention
at the start of each session (4 hour session) and lasted generally for
five to ten minutes. The focus was on promoting the fundamentals
of developing a growth Mindset, and the impact to which it has
been reported to have on performance in other domains (such
as kindergarten and at the second level). This is reported to be
more effective than teaching both growth and fixed Mindsets at the
same time [9]. The lecturer used their own personal experiences
and relayed the correlation between work ethic (grit [42]) and
performance. The lecturer also presented testimonials from students
who had completed the course, especially students who initially
struggled. This was conducted for all 12 weeks from stage one to
stage two.

Research: In addition to the lectures, at approximately each quar-
ter of the course delivery, case studies were presented to the stu-
dents with scientific findings (in contrast to qualitative). This was
drawn from Dweck’s work, the related literature [8, 9] and neu-
roscience [27]. This aimed to further target students with a fixed
Mindset, who believe that they cannot improve and who may dis-
believe the findings presented in the lectures. An example of this
was research on neuroplasticity [1, 41].

Feedback: Feedback was delivered regularly during the program-
ming labs, but also formally after assessment. The main goal of the
feedback was to praise the process, not the person. In addition, if
the feedback was on a poor result, it was delivered in a constructive
manner identifying the processes that the student needed to do, to
achieve a stronger result.

6 INTERVENTION RESULTS

This section discusses three sets of results. Firstly, it examines if the
pilot intervention had an affect on CS1 performance between the
control and treatment groups (in response to Research Question
1). Secondly, this section examines if the intervention positively
promoted a growth Mindset in CS1. Finally, it examines the changes
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in programming self-efficacy over the course of the intervention
and CS1, and if any correlation exists between Mindset, self-efficacy
and performance.

6.1 CS1 Performance

The results as presented in Table 2 are statistically significant. The
2015-16 cohort had a pass rate of 41.81%, and the study cohort (with
the Mindset intervention), had a pass rate of 69.57%. In addition the
differences in raw CS1 grades (in percentage) were also statistically
significant. This is a significant increase in performance given that
the only underlying population difference was the small increase
in the ratio of female students in the intervention cohort.

Table 2: Comparison of the two student cohorts results and
Welch’s t-test p-values, at the end of CS1 (stage two)

Performance Measure 2015-16 | 2016-17 | p-value | SS
Raw Results 66.71 % 75.39 % 0.0197 Y
Pass/Fail Rates (dichotomous) | 41.81 % 69.57 % <0.0001 | Y

SS = Statistically Significant with a confidence interval (CI) = 95%

As discussed in the literature by Miller [28], effect size is a quantita-
tive measure of the magnitude of a phenomenon [21]. Miller reports
that some Mindset interventions have a treatment reported effect
size less than 0.1 SD, with one such study reporting an effect size of
% 0.05 SD implementing a one hour online growth Mindset inter-
vention [46]. Miller also discusses a study looking at educational
distributions of treatment effects from educational evaluation trials
[24], and suggests a SD of 0.2 for effect size. This value aligns with
the context-free effect size guidelines which reported 0.20 SDs [15].
The SD of the raw CS1 results of the 2015-16 (where no intervention
was applied) was 15.18. Thus the increase in performance was 0.57
SD. This effect size is notable in comparison to other interventions
as reported by Miller [28].

6.2 Promoting a Growth Mindset During CS1

There was an overall slight increase in Mindset from stage one
to stage two. The Mindset values were taken as per the Mindset
survey by D’Anca [7], with value ranges presented in Table 3. The
average Mindset value in stage one was 41.69 (where higher values
correlate to a Growth Mindset). The average of stage two Mindset
was 43.03 (n = 24). This increase was not statistically significant
(using a Welch’s t-test reporting a p = 0.0613).

Table 3: Mindset Values from D’Anca’s Survey

Mindset Survey Value
Strong Growth Mindset 45-60
Growth Mindset with some Fixed ideas 32-44
Fixed Mindset with some Growth ideas 21-33
Strong Fixed Mindset 0-20

6.3 Programming Self-Efficacy During CS1

Additionally, the change in programming self-efficacy, from stage
one to stage two was reviewed (n = 20). While multiple studies
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examine self-efficacy, it is seldom tracked at regular intervals across
CS1. A trend line for self-efficacy from stage one to stage two was
generated (Figure 1). Students with high positive programming
self-efficacy in stage one reduce at stage two, while students with
very low programming self-efficacy in stage one increase in stage
two, with students in the middle showing little to no change. This
is interesting and was explored further. With the data reduction
techniques used in the self-efficacy question [36, 37], a negative
value represents a high programming self-efficacy and a positive
value represents a low programming self-efficacy. The results may
be in part be caused by students who overrate their programming
self-efficacy in stage one, view it more realistically at stage two
(reduction), and students who underrate their programming self-
efficacy (such as female or older students [35, 39]), rate it more
realistically at stage two (increase).

Figure 1: Changes in programming self-efficacy from stage
one to stage two, with a trend line to show average changes

2
- .
H-2 .

-3 . | . I 2 3

SELF-EFFICACY STAGE 1

6.4 Correlation with Performance

Next Pearson correlation coefficient’s were examined. It is well
acknowledged that programming self-efficacy is a good predictor
of success with relatively strong correlation values [3, 35, 36]. The
Pearson correlation coefficient’s for Mindset and performance was
only r= 0.4, whereas programming self-efficacy and programming
was r= -0.7 (negative due to the data reduction technique). This
suggests that Mindset at stage one, is not a good predictor of per-
formance (as reported in the literature [14]). When Mindset and
programming self-efficacy were calculated, this reported an even
poorer correlation at just » = -0.3.

6.5 Results Conclusion

A very positive initial finding was that the performance of the
treatment cohort was significantly higher than the control group.
Programming self-efficacy changes differently for different cohorts,
and while self-efficacy is not temporally stable, it perhaps justifies
further investigation into both self-efficacy and Mindset (as this
construct may exhibit similar trends). This finding (addressing RG1)
replicates that of Cutts et al. [6] where the overall performance of
the students improved and the average Mindset of the students ex-
posed to the intervention did change towards a growth Mindset, but
did not change significantly. If the pedagogy of CS1 was identical
for both groups (excluding the intervention), and the intervention
was successful in improving the performance, it would therefore
follow that the Mindset values would have been perhaps modified
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in some significant way. As all of the literature seems to stop here,
RG2 contributes to the CS Mindset space by examining this phe-
nomena in more detail, in the following section, using clustering
techniques.

7 FURTHER ANALYSIS USING CLUSTERING

With high level analysis, such as mean values or regression, some-
times the entire story may not be visible. Clustering of the data may
help uncover relationships, not clearly visible using high level anal-
ysis techniques. This section reports on preliminary analysis using
automatic clustering to investigate if any sub-cohorts of students
were affected differently (or grouped differently) by the interven-
tion, (in response to RQ2). The clustering algorithm implemented
was k-means, and the number of clusters were automatically deter-
mined by the mean of five unsupervised methods. These method’s
included: eXplainWSSl, robustElbow?, db>, mtkowsky4 and ball’®
[5, 16]. While this analysis is only in it’s pilot phase, some initial
interesting findings emerged and are presented in the following
subsections.

7.1 Age and Mindset During CS1

The clustering of age and change in Mindset (stage one to stage two)
was conducted. This resulted in three clusters, where the average
age and average change in Mindset for each cluster was graphed and
a trend line was added (as presented in Figure 2). This graph (n = 24)
clearly shows that younger students experience a positive change in
Mindset (towards growth), whereas older students (over ~ 28 years
of age), in-fact migrate towards a fixed Mindset at a steeper rate.
Although these differences are not statistically significant (using
a one-way ANOVA analysis reporting F(2,21) = 1.233, p-value =
0.3116), this is concerning as this suggests that the intervention may
not work for older mature students or worse, may have a negative
impact. Yeager reports that adolescents are notoriously resistant to
adults’ efforts to change them [47], this finding suggests that CS1
students may react differently to the intervention, than their peers
in other domains and additional research is required to investigate
this further.

Figure 2: Change in Mindset and age
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LexplainWSS: Within cluster Sum of Square

ZrobustElbow: The elbow method

3db: Davies-Bouldin index (DBI), Davies and Bouldin from 1979
“4ratkowsky: Ratkowsky and Lance method from 1978

Sball: Ball and Hall method 1965

16

ITiCSE 20, June 15-19, 2020, Trondheim, Norway

7.2 Change in Mindset and Programming
Self-Efficacy Over CS1, Clustered by
Performance

As reported in Section 6.3 and Section 6.4, self-efficacy and Mindset
as a construct do not correlate strongly and perhaps affect different
learners in different ways. In this section, clusters based on the
change in programming self-efficacy between stage one and two,
the change in Mindset between stage one and two and CS1 per-
formance taken at stage two (the performance was grouped into
Low, Middle and High performers) were constructed. Both Y axis
variables show increases in the same direction (the self-efficacy is
reversed to show positive increase). Three clusters were returned
(n = 20) and are presented in Figure 3.

Figure 3: Changes in programming self-efficacy and Mindset
over CS1, clustered by performance
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7.2.1 Low performing students: reported the largest positive change

in programming self-efficacy while experience a positive change
in Mindset (agreeing with the literature). This is very valuable as
it would be acknowledged that these students are in most need of
such an intervention.

7.2.2  Middle performing students: reported the largest positive
change in Mindset (towards growth), whereas their programming
self-efficacy decreased. Perhaps as the course continued, their self-
efficacy aligned to its true value (over inflated at the start) but their
increase in Mindset (~ 8%) shows that this may be a sub-group
worth targeting.

7.2.3  High performing students: reported the least amount of change
in programming self-efficacy and Mindset, perhaps they are realis-
tic about their ability, and interventions such as Mindset, have little
to no value for these students, or may have value in area’s other
than performance [9].

7.3 Mindset and Programming Self-Efficacy

Findings in Section 6.4, report a correlation of -0.3 between Mindset
and self-efficacy. This is somewhat disappointing as the authors
anecdotally hypothesised that the two constructs are well related
or perhaps even measure the same underlying phenomenon. Mind-
set and programming self-efficacy was clustered using k-means,
with automatic cluster number identification. Three clusters were
identified, where each cluster is colour coded and sorted by pro-
gramming self-efficacy, as presented in Figure 4 (where a positive
programming self-efficacy is a negative Y axis value).
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Figure 4: Programming self-efficacy and Mindset values plot-
ted at stage one.
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The average Mindset value for each cluster was then plotted and a
trend line was added. This is presented in Figure 5. Table 3 shows
that the first two cluster group’s average Mindset values (32 and
41) are at the upper and lower end of "Growth Mindset with some
Fixed ideas" whereas the upper cluster average Mindset value of
48 represents a "strong Growth Mindset". The results of this clus-
tering, show a strong correlation. A Pearson correlation coefficient
was calculated using the three cluster Mindset and Self-Efficacy
averages, producing a value of r = -0.944. This shows that there
is in-fact a very strong correlation between Mindset and program-
ming self-efficacy, if the student sub-groups are clustered. Further
investigation is required to unpack these clusters, and investigate
the underlying cause for this multi-modal result.

Figure 5: Mindset and programming self-efficacy clustered
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8 THREATS TO VALIDITY

This study has reported some interesting findings, with potential
for future direction and research. As this is a pilot study, the data-
set size for both the control and treatment group was relatively
small. This was compounded by some students not being present
for subsequent stages. Delivering the Mindset intervention itself,
was also pilot in its nature. While it was founded on research, it
is still in it’s developmental phase. The lecturer who delivered the
intervention, exhibited traits of a growth Mindset, where research
has reported that this may effect the intervention itself [29], where
similar effects can be seen with parents [18].
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While this pilot study acknowledges this, the lecturer was the lec-
turer of both the control and treatment group, thus the influence of
the lecturers growth Mindset should be equal to both groups. How-
ever, the threat to validity or concerns for replication studies is, if a
different lecturer delivered the intervention (who exhibited fixed
Mindset traits), perhaps the outcomes may be different. The inter-
vention showed positive findings such as increases in performance.
A deeper analysis using clustering, reports that the intervention
effected student sub-cohorts in different ways. While this is re-
ported in the literature, the pilot intervention did not positively
effect all students, for example for older students (>~ 28 years of
age), where the intervention actually promoted a fixed Mindset
(not by a significant amount, but towards a fixed Mindset none the
less), thus further development of the intervention is required, or
it’s targeted sub-groups should be selected carefully.

9 CONCLUSION

Promoting a growth Mindset as an intervention, in introductory pro-
gramming courses, resulted in a statistically significant increase in
performance compared to the control cohort (however the average
change in Mindset did not increase significantly). Thus answering
RQ1 and replicating the findings of Cutts el al: can an intervention
promoting a growth Mindset, improve performance in an introduc-
tory programming course? No statistical differences were found
between the cohorts (using multiple factors indicative of perfor-
mance) prior to the intervention (stage one). The treatment group
outperformed the control group. This is a provisional claim, as there
may be additional variables unaccounted for, and the sample size
was relatively small, thus further work is justified.

Following, the initial findings, the study then examined the data
using clustering techniques to determine if sub-cohorts of students
experienced the intervention in different ways, thus examining
RQ2: does promoting a growth Mindset have the same affect on
all students, or are certain student cohorts affected differently?
This study identified that the promoting a Growth Mindset, may
affect different cohorts of students in different ways. One example
was the affect of the intervention on age groups, where of concern
is the intervention may have a negative affect on older students.
In addition the study found the intervention had differing affects
on student cohorts clustered by performance (which agrees with
the literature [48]). This effect could be compounded, with a new
upper second level computer science curriculum in Ireland [40] and
internationally [11-13], where students may enter the course with
formal prior performance, and as it is an optional subject, many
students may still be entering the courses with little to no prior
experience, creating a larger than seen before divide.

The Clustering analysis has preliminary shown that while the
literature up to now may discount the effect of promoting a Growth
Mindset, it still may be of value to the CSEd community, however
one size may not fit all. Acknowledging the limitations of this work
due to data set size, future work should include an additional study,
with a larger cohort over a longitudinal period. In particular the
insights the clustering analysis has provided could be investigated
further as it seems that interventions in CS1 are perhaps more
complex to implement and analyse, than first thought.
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