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ABSTRACT
This paper documents a study, carried out in the academic
year 2003-2004, on fifteen factors that may influence per-
formance on a first year object-oriented programming mod-
ule. The factors included prior academic experience, prior
computer experience, self-perception of programming per-
formance and comfort level on the module and specific cog-
nitive skills. The study found that a student’s perception of
their understanding of the module had the strongest corre-
lation with programming performance, r = 0.76, p < 0.01.
In addition, Leaving Certificate (LC) mathematics and sci-
ence scores were shown to have a strong correlation with
performance. A regression module, based upon a student’s
perception of their understanding of the module, gender, LC
mathematics score and comfort level was able to account for
79% of the variance in programming performance results.

Categories and Subject Descriptors
K.3.2 [Computer and Information Science Education]:
Computer science education

General Terms
Human Factors, Measurement, Performance

Keywords
CS1, Programming, Predictors

1. INTRODUCTION
Student retention on third-level (post high school or equiv-

alent) Computer Science (CS) and Information Technology
(IT) courses is a significant problem. Students find com-
puter programming difficult and struggle to master the core
concepts. A multi-national, multi-institutional study on the
programming skills of first year CS students found that stu-
dents struggled to achieve an average above 30% on assess-
ments administered as part of their study [14]. Further-
more, introductory programming modules tend to have a
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very high student to lecturer ratio (100:1 or greater) and
often lecturers do not know how well students are doing un-
til after the first assessment. In general the first assessment
does not take place until six or eight weeks after the mod-
ule has commenced and given the typically high number of
students, marking the assessments can take a considerable
length of time. At this stage, it may be too late to intervene
to prevent struggling students from failing. Even if inter-
vention is possible, a lecturer is unlikely to know a student
well enough or be able to identify individual student prob-
lems and therefore recognize the most suitable interventions
to make.

The research documented in this paper is part of a lon-
gitudinal study on early identifiable factors that influence
performance on an introductory programming module. If
such factors can be identified then it may be possible to de-
velop a tool to provide an early diagnosis of a student’s likely
performance on a programming module. Interested parties
could use the tool to make more informed decisions on ap-
propriate courses of action and to decide upon personalized
interventions that foster a student’s intellectual strengths.

2. RELATED RESEARCH
While a considerable amount of research has been carried

out on factors that affect programming performance our in-
terest is on factors that affect programming performance
on an introductory third-level object-oriented programming
module where such factors can be determined early in the
academic year. These factors can be categorized as: (1)
previous academic and computer experience, (2) cognitive
skills, (3) personal information and (4) experience on the
module. A brief review of some research studies in each of
these categories is presented next.

Previous academic experience and programming experi-
ence have often been cited as predictors of programming suc-
cess. Several studies have found that mathematical ability
and exposure to maths courses are important predictors of
performance on introductory computer science modules [2,
3, 4, 6, 13, 19]. Similarly, although less studied, performance
in and experience of science subjects has also been shown
to be important [2, 19]. Studies have also found prior pro-
gramming experience and non-programming computer ex-
perience (for example, experience of computer applications,
emailing, game playing and surfing the web) to be related
to programming performance [9, 10, 6, 4, 18].

The role of cognitive factors in programming has also re-
ceived research attention. Certain cognitive factors, includ-
ing problem-solving, abstract reasoning, problem translation
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skills, logical ability and cognitive style have been identified
as possible predictors [7, 12, 11, 15].

Numerous studies have been carried out on demographic
and self-reported personal information. Some studies have
examined specific attributes related to study, for example
preference for working alone or in a group to solve a pro-
gramming problem and encouragement or support from oth-
ers to study computers [4, 2, 8].

In recent times researchers have examined the relation-
ship between students’ expectations of and experiences on
an introductory computing module. A positive relationship
between a student’s mental models of programming and self-
efficacy for programming and performance has recently been
identified [18]. The grade a student expected to achieve in
an introductory module was found to be the most impor-
tant indicator of performance in another recent study[17].
A recent longitudinal study found that the most important
predictor of students’ performance on an introductory com-
puter science course was comfort level, determined by the
degree of anxiety a student felt about the course [4].

Although a considerable number of research studies have
examined factors that influence programming performance,
comparisons between the various studies and application of
the results are difficult because the studies are carried out
using different parameters. These parameters include:

• the type of students (novice to experienced program-
mers, academic students to employees),

• the content of the course (some courses are solely pro-
gramming courses while others are introductory com-
puting courses),

• the programming language being taught (older studies
tend to be based on procedural languages),

• the educational setting (many of the research studies
are based on the US educational system) and

• the reference criterion (for example continuous assess-
ment, end-of-year exam, job performance).

In the rest of this paper we describe our study, which
builds upon existing research, in particular the work of [2,
4], to identify early factors that influence performance of
first year students, on an introductory object-oriented pro-
gramming module, using the Java programming language.
The course is based on the Irish educational system and
the reference criterion is the overall result achieved on the
module.

3. RESEARCH DESIGN
The introductory programming module at our university

is composed of a one and a half hour Problem-Based Learn-
ing (PBL) workshop, a one and a half hour laboratory ses-
sion and three one-hour lectures per week over two semesters.
Students in Ireland do not study programming in secondary
school and the majority of students taking this module have
recently completed second level education.

Selection of factors for this study was restricted for a num-
ber of reasons, including availability of participants, length
of completion time needed for each instrument and stage in
year. With this in mind we attempted to examine the re-
lationship between and the predictability of fifteen factors
and performance on our introductory module. The factors
fall into four broad categories:

1. previous academic and computer experience: as mea-
sured by performance in the Irish Leaving Certificate
(LC) examinations in mathematics and science sub-
jects and self-reported computer experience,

2. specific cognitive skills: as measured by an in-house
cognitive test,

3. personal information: gender, age, work-style prefer-
ence, encouragement from others and the number of
hours per week working at a part-time job and

4. experience on the module: students own perception of
how well they are doing and how comfortable they feel
with the module material.

Performance on this module is based on continuous assess-
ment (30% of the overall mark) and a final examination (70%
of the overall mark). The measure of performance reported
upon in this paper is the overall module mark. Continu-
ous assessment and final examination marks render similar
results and are reported in [1].

3.1 Participants
The study was carried out in the academic year 2003-2004.

Students enrolled in the first year ‘Introduction to Program-
ming’ module in our department voluntarily participated in
this study. Ninety-six students completed the module in the
academic year 2003-2004.

3.2 Instruments
Two instruments were used to collect data: a question-

naire and a custom-made cognitive test. The questionnaire
collected data on the following items: (1) LC mathematics
grade, (2) LC physics grade, (3) LC biology grade, (4) LC
chemistry grade, (5) highest LC science grade, (6) comfort
level on the module, (7) perceived understanding of the mod-
ule material, (8) prior programming experience, (9) prior
non-programming computer experience, (10) work-style pref-
erence (preference to work-alone or as part of a group), (11)
encouragement from others to study computer science, (12)
number of hours per week working at a (part-time) job. The
cognitive test was developed in-house1 and comprised items
involving numerical and letter sequencing, arithmetic rea-
soning, problem translation skills and logical ability. In ad-
dition, information on gender, age and overall module results
was available for all students taking the module.

In total 80 students (49 male, 31 female) completed the
cognitive test and 30 (19 male, 11 female) students com-
pleted the survey. Both instruments were completed in the
second semester of the module and data collection for both
was paper-based.

4. RESULTS
An a priori analysis was carried out to verify no signif-

icant difference existed between the mean overall module
scores of the class and the sample. Test assumptions on
normality (Kolmogorov-Smirnov test) and the equality of
variance (Levine test) were performed and a t-test on the
overall results, (t(124) = 0.795, p = 0.428), found no signif-
icant differences between the mean scores of the class and

1Developed by Jacqueline McQuillan, Department of Com-
puter Science, NUI Maynooth.
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Table 1: Pearson correlations for previous academic
results and performance

LC
Maths

LC
Phys

LC
Chem

LC
Bio

High
Sci

r 0.46** 0.59* 0.4 0.75* 0.48**
n 30 18 11 10 28

Female only
r 0.72* 0.89** 0.88 0.93** 0.84**
n 11 7 4 7 11
Male only
r 0.16 0.27 -0.04 0.9 0.16
n 19 11 7 3 17
** Correlation is significant at the 0.01 level (2-tailed).
* Correlation is significant at the 0.05 level (2-tailed).

the sample. In the remainder of this section the findings on
the relationship between each of the factors studied and pro-
gramming performance is presented, followed by an analysis
of the combination of factors that best predicts performance.

4.1 Previous academic and computer experi-
ence

To establish the relationship between previous academic
experience in mathematics and science, the achievable grades
for each subject were ranked, with the highest rank given
to the highest possible grade and the lowest rank given to
the lowest possible grade. Table 1. provides the Pearson
correlations for each of these measures and notable relation-
ships are identified. LC mathematics was found to have a
statistically significant relationship with performance, r =
0.46, p < 0.01. LC physics was found to be moderately
strong and significant, r = 0.59, p < 0.05 as was LC biol-
ogy, r = 0.75, p < 0.05 for the final examination. Highest
science result, which includes other less commonly studied
science subjects, was also found to be statistically signifi-
cant, r = 0.48, p < 0.01. No relationship was found be-
tween LC chemistry and performance. Secondary analysis,
based on gender revealed that none of the measures were
significant for male students and resulted in notably higher
correlations for the female students, as shown in Table 1. A
recent study on gender differences in LC examinations found
that (1) more female students are taking higher level LC ex-
aminations than male students and (2) female students are
outperforming male students on LC maths and physics ex-
aminations (no other science subjects were reviewed in the
study) [5]. This may relate to our findings and further re-
search is necessary.

The findings on the relationship between experience in
mathematics and science subjects, and programming per-
formance is in line with previous research findings. The
strength of the correlations between LC physics scores and
particularly LC biology scores and programming performance
is interesting and would suggest that science in general has
a significant influence on performance. However, the lack
of correlation with LC chemistry appears contradictory and
further research is required.

Table 2: Dichotomous values for personal factors

Values
Gender Male, Female
Age Under 23, 23+
Work style preference Individual, Group
Encouragement Yes, No
Part-time employment No, Yes

Table 3: Pearson correlations for comfort level and
perceived understanding with performance

Comfort level Understanding
r 0.55** 0.76**
n 30 30

Female only
r 0.62* 0.82**
n 11 11

Male only
r 0.79** 0.84**
n 19 19

** Correlation is significant at the 0.01 level (2-tailed).
* Correlation is significant at the 0.05 level (2-tailed).

Previous computer experience was measured by prior pro-
gramming experience and previous non-programming com-
puter experience. In both cases student responses were sepa-
rated into those with previous experience and those without
previous experience. Descriptive statistics for each group
are given in Table 4. T-tests for independent samples were
used to examine the differences between the overall mod-
ule results of each group. Before each t-test was carried
out assumptions of normality and equality of variance were
confirmed. No significant differences were found between
students with or without previous programming experience
or between students with or without non-programming com-
puter experience and performance module. Although pre-
vious research has found previous programming experience
and non-programming computing experience to be indica-
tors of success our results may be partially accounted for by
the fact that students cannot study programming or appli-
cation software at examination level in secondary schools in
Ireland.

4.2 Specific cognitive skills
A correlation of r = 0.31, p < 0.01 was found between

performance on the cognitive test and performance on the
module. Although this result is weak, subsequent analysis
found that a number of items in the test were highly corre-
lated with programming performance. We anticipate that a
redesign of the test could result in more significant findings
in the future.

4.3 Personal information
Gender, age, work-style preference, encouragement by oth-

ers and part-time employment were treated as dichotomous
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Table 4: Comparison of the mean and standard de-
viation for overall results (as a percentage) grouped
by: gender, age, work-style preference, encourage-
ment by others, prior programming (Prog. exp.)
and non-programming computer experience (Non-
prog. comp. exp.)

n Mean
(%)

S.D.
(%)

Gender Female 36 51 24
Male 60 49 22

Age Under 23 92 50 23
23+ 4 56 28

Work-style preference Individual 12 50 22
Group 18 43 23

Encouragement No 21 44 21
Yes 9 50 25

Part-time job No 18 47 24
Yes 12 45 20

Prog. exp. None 25 46 23
Some 5 44 18

Non-prog. comp. exp. None 4 49 21
Some 26 45 23

variables for analysis purposes. The possible values of each
factor are given in Table 2. Students were grouped accord-
ing to the responses they provided for each of the factors.
Descriptive statistics for each group are given in Table 4.
T-tests for independent samples were used to examine the
differences between the overall module results for each of
the factor values, for example the mean overall module re-
sult for male students was compared to the mean overall
module result for female students. Before each t-test was
carried out assumptions of normality and equality of vari-
ance were confirmed. In each instance, the t-tests revealed
no significant differences between any of the factors and the
overall results on the module. We intend to further examine
the relationship between work-style preference and perfor-
mance, as since the introduction of PBL workshops into the
module mean scores have increased, at the top, middle and
bottom levels of the class. We feel this is a result of the
PBL workshops and students repeating the module appear
to concur with us [16].

4.4 Experience on the module
Comfort level was measured as the cumulative response

to questions on a student’s understanding of programming
concepts, difficulty designing programs without help and dif-
ficulty for completing lab assignments. Each question had
a number of ranked answers and the cumulative rank was
used to analyze comfort level. The Pearson correlations are
given in table 3. Comfort level was found to be a statistically
significant indicator of performance with r = 0.516, p < .01.

Understanding was measured by ranked responses to a
single question ‘How do you rate your level of understand-
ing of the programming module?’ A strong significant rela-
tionship between understanding and performance was found,
r = 0.76, p < 0.01.

Given the earlier findings on gender differences between
previous academic experience and programming performance,

gender based analysis was carried out on comfort level and
understanding. Comfort level was found to have a higher
correlation with performance for male students.

Like the Cantwell Wilson and Shrock [4] study comfort
level was found to be highly correlated with programming
performance. The most significant finding, however, is the
very strong correlation between a students’ perception of
their understanding of the programming module. As this
study was carried out in the second semester we intend to
conduct a further study to identify the point in time per-
ception of module understanding becomes such a reliable
indicator. If a similarly high correlation can be found early
on in the module then it would be very powerful in diagnos-
ing and subsequently mediating struggling students.

4.5 Regression Analysis
To investigate whether the various factors studied were

predictive of performance on the module a number of re-
gression analyzes were conducted. Each analysis was moti-
vated by the literature review, the authors’ experience work-
ing with first year students and the strength of the corre-
lation coefficients generated in this study. Although, both
LC biology and LC physics rendered high correlation coeffi-
cients for programming performance, neither variables were
directly included in the regression models as the sample size
for each was deemed too small (n=10, n=18 respectively).
Instead the highest LC science result was included (n=28).

The first model was designed to determine the earliest
indicators of programming performance. Consideration was
given to gender, previous academic experience, cognitive test
score, previous programming and non-programming com-
puter performance, encouragement from others, work-style
preference and hours working at a part-time job. Using a
stepwise regression method a significant model emerged with
F (2, 27) = 7.113, p < 0.01 with an adjusted R square =30%.
Significant values were found for: LC maths (β = 0.390, p =
0.021) and gender (β = −0.368, p = 0.028).

The second model considered all of the predictors used in
the first model but also included the results of the first class
test. Class tests are typically the first test given to first year
students and although they do not test a student’s ability
to design and code up a solution to a programming problem
they do test a students’ understanding of basic programming
concepts. A stepwise regression method found a significant
model of F (2, 27) = 14.882, p < 0.001 and adjusted R square
=49%. Significant values were found for the class test (β =
0.563, p = 0.000) and LC maths (β = 0.375, p = 0.01).

The third model included the predictors from the sec-
ond model but also considers the results of the first lab
test. The lab test is similar to the final examination in
that students are required to design and code up a solu-
tion to a programming problem. Although the lab test may
be a better predictor of the overall result, a trade off takes
place in that this information is not available until near the
end of the first Semester and at this stage struggling stu-
dents may have dropped out or given-up hope of succeed-
ing. A stepwise regression method resulted in a significant
model of F (2, 25) = 26.38, p < 0.001 and an adjusted R
square = 65%. Significant factors were found for the first
lab test (β = 0.700, p = 0.000) and highest science result
(β = 0.700, p = 0.000).

The fourth model includes the predictors from the sec-
ond model but takes into account a students’ comfort level
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with the module and perceived understanding of how they
are doing. Using a stepwise regression method a significant
model emerged with F (4, 23) = 26.03, p < 0.001, adjusted
R square = 79%. Significant values were found for: under-
standing (β = 0.505, p = 0.000), gender (β = −0.494, p =
0.000), comfort level (β = 0.301, p = 0.022), and LC maths
(β = 0.197, p = 0.047). If the results of the first lab test is
also considered 84% of the variance in performance can be
accounted for with F (4, 23) = 36.92, p < 0.001.

The factors known at the start of the academic year re-
sult in a poor prediction of programming performance. The
results of the first class test (model 2) and subsequently
the first lab exam (model 3) results in an improved predic-
tion ability. However, when a students’ perception of their
understanding of the module is considered a very strong
prediction model occurs. As with the strength of the Pear-
son correlation coefficient for this variable a further study
to determine the stage at which a student’s self-perception
becomes so accurate would be valuable.

5. CONCLUSIONS
This study examined the relationship and predictive abil-

ity between fifteen factors and performance on a program-
ming module. Comfort level on the module, LC maths and
LC science scores were shown to have a strong correlation
with performance, with notable gender differences identi-
fied. A predictive combination of factors was found to be a
student’s perception of their understanding of the module,
comfort level on the module, LC maths score and gender,
accounting for 79% of the variance in programming perfor-
mance.

The study found that the strongest relationship existed
between a student’s perception of their understanding of
the module and programming performance. The need to
understand the role of self-perception in the process and to
investigate how early it becomes a reliable predictor war-
rants further research.
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