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Abstract - In this research to practice full paper we quantified
whether student progress in learning computer programming
concepts in a Java course is consistent with the Matthew effect,
that is, if early success (or failure) in the acquisition of
concepts/skills begets later success (or failure) in the acquisition
of more concepts/skills. We found that 63% of students had
difficulty understanding basic programs involving the assignment
operator and a sequence of statements. The inability of students
to understand assignment and sequencing proved to be a
substantial obstacle to student progress in learning more
advanced flow control and data structures concepts like selection,
repetition loops and arrays. About 66% of students who
succeeded in assignment/sequencing also succeeded in selection
structures. On the other hand, about 34% of the students who did
not succeed in assignment/sequencing succeeded in selection
structures. About 77% of the students who succeeded in
assignment/sequencing and selection also succeed in repetition.
Students who did not succeed in both assignment/sequencing and
selection had lower percentage of success in repetition: 39% when
they succeeded only in selection; 61% when they succeeded only
in assignment/sequencing; 38% when they failed in both
assignment/sequencing and selection. The same trends were
observed when analyzing performance in student understanding
of arrays. In conclusion: 1) student performance in computer
programming concepts taught early in the course affects
performance in computer concepts taught later in the semester;
2) The ability of students to understand concepts involving a
sequence of statements is a good early predictor of success/failure
in understanding more advanced concepts like selection,
repetition and arrays; 3) Matthew effects are at play in learning
computer programming: early success (or failure) in
understanding basic computer programming concepts begets
later success (or failure) in understanding more advanced
computer programming concepts.
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[.  INTRODUCTION

The Matthew effect (or cumulative advantage effect) describes
situations where an initial (dis)advantage on possessing any
material or immaterial resource tends to lead to further

accumulation of (dis)advantage on that resource later on (for
example, overtime the rich tend to get richer and the poor tend
to get poorer) [1]. In the field of education, the Matthew effect
could be expressed as: early success (or failure) in the
acquisition of knowledge and skills begets later success (or
failure) in the acquisition of more knowledge and skills.

Computer programming requires an understanding of many
interrelated concepts and the ability to apply those concepts to
solve problems. In computer programming courses, simpler
concepts like assignment and data types are presented first, and
more complicated concepts like selection and repetition, which
build on simpler ones presented earlier, are presented later.
One of the challenges in teaching computer programming is to
structure the material such that learning difficult
concepts/skills  builds on already learned simpler
concepts/skills, so students can make adequate progress.
Understanding the dynamics of student progress in learning
computer concepts in the framework of the Matthew effect can
lead to further insights into teaching and learning computer
programming.

The goal of this study is to quantify progress in students’
understanding of fundamental computer programming
concepts like assignment, selection, repetition and arrays in a
Java course. Understanding the dynamics of learning progress
will make possible the identification of early predictors of
student success/failure and suggest pedagogical strategies to
improve student outcomes in learning computer programming.

II. BACKGROUND AND PRIOR WORK

The Matthew effect was first described and named by Merton
[2] while studying the reward system in science. Merton
noticed that prestigious scientists get more credit for
comparable achievements than lesser-known scientists. In his
words: “...eminent scientists get disproportionately great
credit for their contributions to science while relatively
unknown scientists tend to get disproportionately little credit
for comparable contributions [2].” So, an initial unequally in



“prestige” gets amplified over time to increase the “prestige”
gap between famous and less famous scientists. The name of
the effect comes from Matthew’s Gospel (25:29): “For to
everyone who has, more will be given, and he will have
abundance; but from him who has not, even what he has will
be taken away.” Before Merton, de Solla Price [3] described a
similar phenomenon that he called cumulative advantage while
studying networks of citations of scientific papers. He found
that the number of citations that a scientific paper will get is
proportional to the number of citations that it already has [3].
With this mechanism of citation growth, an initial difference in
number of citations will get disproportionately amplified over
time. The Matthew effect seems to be pretty general and has
been used to analyze phenomena in very different fields [1][4].

The concept of the Matthew effect has also been used to
understand how students learn. Walberg and Tsai [5] found that
young adults with advantageous family and educational
experiences are more motivated and efficient in acquiring new
information. Walberg et al. [6] speculated that early
achievements and rewards may lead to more motivation to
learn, which in turn may lead to more achievements and
rewards, in an endless cycle. Stanovich [7] explored the
relationship between reading ability and cognitive processes
under the lens of the Matthew effect: “The very children who
are reading well and who have good vocabularies will read
more, learn more word meanings, and hence read even better.
Children with inadequate vocabularies — who read slowly and
without enjoyment — read less, and as a result have slower
development of vocabulary knowledge, which inhibits further
growth in reading ability.” Stanovich [7] attributed the
Matthew effect to a reciprocal causality (i.e., a positive
feedback mechanism) between vocabulary and reading ability.

There are a few examples in the literature that suggest that
Matthew effects also play a role in learning computer
programming. It has been reported that introductory computer
programming courses have bimodal grade distributions with
high rates of low grades, high rates of high grades, with low
rates of mid-range grades [8][9][10]. This bimodal grade
distribution is suggestive of a Matthew effect in learning
computer programming: success (or failure) in the acquisition
of programming concepts/skills begets later success (or failure)
in the acquisition of more concepts/skills. To explain that
bimodal distribution, Robins [11] proposed what he called the
“learning edge momentum” effect. According to Robins [11],
“success in acquiring one concept makes learning other closely
linked concepts easier (whereas failure makes it harder).”
Robins’ description of the “learning edge momentum” effect
[11] reads like a description of the Matthew effect. It should be
noted that other reports provide alternative explanations
regarding the presence or the mechanism of a bimodal grade
distribution in introductory programming courses [12][13].

Another study quantified progress in the ability of first-year
students to write viable programs using sequencing, selection
and repetition in Python [14]. About 50% of students
performed adequately in all three structures and 28% of
students performed inadequately in all three. Success (failure)
in writing programs using sequencing led to success (failure)
in using selection, and success (failure) in using selection led
to success (failure) in using repetition. These dynamics of
student progress in writing computer programs are consistent
with Matthew effects during the acquisition of successive
computer programming skills.

III. RESEARCH QUESTIONS

The main goal of this study is to quantify student progress in
learning fundamental Java programming concepts that are
important to write viable computer programs. The specific
research questions are:

RQ1: How student performance in computer programming
concepts taught early in the course affects performance in
computer concepts taught later in the semester?

RQ2: Is there an early predictor of success/failure in
understanding computer programming concepts?

RQ3: Do Matthew effects determine student progress in
learning programming concepts?

IV. METHODS

4.1. Participants and setting

Our institution is one of the most diverse institutions of higher
education in the northeast United States: 29% of our students
are African American, 34% are Latino, 20% are Asian or
Pacific Islanders, and 10% are Caucasian. The College’s fall
2019 enrollment was 17,036.

Students enrolled in eight sections of a Java Fundamentals
course between Fall 2014 and Spring 2019 were part of the
study (n = 145). Students who officially dropped the class or
stopped attending the class were excluded from the analysis. A
number of students who participated in the study (n = 124) had
taken a previous problem-solving course in which they were
exposed to computer programming concepts, using different
tools and environments like flowcharting, Alice and Python at
our institution. The problem-solving course [14] is designed to
introduce students to concepts of problem solving and
computer programming languages. A major emphasis of the
course is to teach students programming structures that control



the flow of execution such as sequencing, selection, and
repetition loops. The remaining 21 students were students who
transferred to our institution and took the Java Fundamentals
course.

4.2. Student performance in understanding Java concepts

We measured student performance in understanding the syntax
and semantics of Java programming in four different
conceptual categories: assignment/sequencing, selection
(if/else), repetition loops (for/while) and arrays. Like in other
institutions teaching similar courses, students were presented
with those concepts in that chronological order. Assessments
were implemented as multiple choice and short answer
questions that involved reading and writing small snippets of
code. We used assignment/sequencing assessments to evaluate
student understanding of the syntax of the assignment operator
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and data types. We also evaluated student understanding of
assignment operator semantics by asking students to compute
the values stored in variables after the execution of a sequence
of statements, and to write code that swaps the values of two
variables. We used selection assessments to evaluate students’
ability to write and evaluate boolean expressions, to translate
conditions expressed with words into boolean expressions, and
to write if/else statements that use those conditions. We used
repetition loop assessments to evaluate student understanding
of for/while loop syntax. We also evaluated student
understanding of repetition loop semantics by asking students
to convert for loops to while loops and vice versa, to compute
the output produced by given repetition loops and to write input
validation loops. We used array assessments to evaluate
students’ ability to declare, populate and display arrays, and
basic array processing. Each problem was graded on a 0-10
scale. Students who obtained a grade of >= 7 (equivalent to
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Figure 1. Histograms of student performance (0-10) in assignment/sequence (A), selection (B), repetition(C) and arrays
(D). Vertical dashed line indicates adequate performance (70%). The numbers to the right (left) of the vertical dashed line
indicate the percentage of students with adequate (inadequate) performance in the different conceptual categories.



70% or a C) in the average of problems in a given category
were considered proficient in that category.

V. RESULTS

5.1. Summary of student performance in understanding Java
concepts

The average student performance (scale 0-10) in understanding
Java concepts in the four different categories was: 6.3+/-3.1
(assignment/sequence), 6.5+/-2.4  (selection), 7.3+/-2.1
(repetition) and 7.2+/-2.7 (arrays). Differences in average
performance between the different categories were not
statistically significant (analysis of variance, p<0.05). The
average student performance hovers around the level of
proficiency (7/10 or 70%). Average performance does not give
a clear idea of how many students adequately understand the
different programming concepts. The histograms in Figure 1
show in more detail the percent of students in each
performance bin (0-10) for the four different conceptual
categories investigated. The figure also shows the percentage
of students with adequate (>=7, number to the right of the
vertical dashed line) and inadequate performance (<7, number
to the left of the vertical dashed line) in understanding the
different Java concepts. For many of our students
understanding assignment (63%), selection (55%) and
repetition (49%) Java concepts is a challenge.

5.2. Learning progress binary tree

The main goal of our study is to quantify how success/failure
in learning concepts taught early in the course affect
success/failure in learning concepts taught later in the course.
That information cannot be obtained from the performance
summary in Figure 1 because that figure does not present
performance associations between the different concepts.

We found that associations between student performance in
different Java concepts and progress in student learning can be
better visualized using a binary tree (Figure 2). In this section
we describe how the tree was constructed and what the
different levels and nodes in the tree represent. In the next
section we explain the implications of the results presented in
Figure 2 to teaching and learning Java concepts.

The level of the nodes in the tree indicates the order in which
a given concept was presented to students: assignment (level
1), selection (level 2), repetition (level 3) and arrays (level 4).
The first level of the tree (labeled ASSIGNMENT) consists of
two nodes: the top node (n=53 or 37%) represents the number
of students who had a performance >= 7 in assignment
concepts (note incoming up arrow labeled as “pass”, meaning
that those students were proficient in that concept); the bottom
node (n=92 or 63%) represents the number of students who

were not proficient (performance <7) in assignment concepts
(note incoming down arrow labeled as “fail”).

The second level of the tree (labeled SELECTION) consists of
four nodes. The top two nodes at the SELECTION level
represent how many of the students who were proficient in
assignment (level 1, top node) were also proficient in selection
(top node, n=35 or 24%), or not proficient in selection (second
node from the top, n=18 or 13%). The lower two nodes at the
SELECTION level represent how many of the students who
were not proficient in assignment (level 1, bottom node) were
proficient in selection (third node from the top, n=31 or 21%),
or not proficient in selection (fourth node from the top, n=61
or 42%). The numbers next to the arrows indicate conditional
probabilities. For example, the probability that a student that
is proficient in assignment be also proficient in selection
concepts is 66% (level 2, top node), and the probability that a
student proficient in assignment not be proficient in selection
concepts is 34% (level 2, second node from the top).

The same process was applied to create level 3 (REPETITION)
and level 4 (ARRAYS) of the tree. For example, the fifth node
from the top at level 4 (n=7, 5%) represents the number of
students who were proficient in assignment AND not
proficient in selection AND proficient in repetition AND
proficient in arrays.

Each node at each level has only one incoming arrow: if the
arrow is pointing upwards (“pass”) it means that the node
represents a group of students proficient in the concept
represented by the level; if the arrow is pointing downwards
(“fail”) it means that the node represents a group of students
not proficient in the concept represented by the level. Each
node at each level has two outgoing arrows (except the leaf
nodes in level 4): the arrow pointing upwards leads to a node
that represents a group of students proficient in the concept
represented by the next level; the arrow pointing downwards
leads to a node that represents a group of students not proficient
in the concept represented by the next level. At each level the
sum of all students (» numbers inside the nodes) is the total
number of students, and the sum of all percentages (numbers
in parenthesis inside the nodes) is 1 (or 100%).

5.3. Matthew effects in learning Java concepts

In this section we describe the implications of the performance
associations shown in Figure 2 for teaching and learning Java
programming concepts. About 37% of students were proficient
in assignment concepts early in the course and 63% were not
(Figure 2, level 1). The majority of students who were
proficient in assignment (66%) were also proficient in
selection (Figure 2, level 2, top node). On the other hand, the
majority of students who were not proficient in assignment
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Figure 2. Learning Progress Binary Tree consisting of four levels: Assignment (level 1), Selection (level 2), Repetition
(level 3) and Arrays (level 4). The tree shows students proficient (pass) or not proficient (fail) in each of those four
conceptual categories. See section 5.2 in the text for explanation.



(66%) were not proficient in selection either (Figure 2, level 2,
bottom node). After assessments in assignment and selection
(level 2 in Figure 2) the majority of students are in the top node
(24%, adequate performance in both assignment and selection
concepts) or in the bottom node (42%, poor performance in
both assignment and selection concepts). This is consistent
with a cumulative advantage effect (or Matthew effect)
because it shows that good performance in assignment
concepts leads to good performance in selection concepts, and
that bad performance in assignment leads to bad performance
in selection. It should be noted that 13% of students did well in
assignment but not in selection, and that 21% of students did
not do well in assignment but did well in selection.

As we proceed to level 3 in the tree (REPETITION),
cumulative advantage effects in student learning of Java
concepts persist. The majority of students who were proficient
in assignment and selection concepts (77%) were also
proficient in repetition (Figure 2, level 3, top node). On the
other hand, the majority of students who were not proficient in
both assignment and selection (62%) were not proficient in
repetition (Figure 2, level 3, bottom node). Students who did
not succeed in both assignment and selection had lower
percentage of success in repetition: 39% when they succeeded
only in selection (level 3, fifth node from the top); 61% when
they succeeded only in assignment (level 3, third node from the
top); 38% when they failed in both assignment and selection
(level 3, seventh node from the top). As, it occurred in level 2,
after assessments in assignment, selection and repetition (level
3 in Figure 2) the majority of students are in the top node (19%,
adequate performance in assignment, selection and repetition
concepts) or in the bottom node (26%, poor performance in
assignment, selection and repetition concepts).

The same trends were observed when the performance in
student understanding of arrays was associated with their
performance in assignment, selection and repetition (Figure 2,
level 4, ARRAYS). The majority of students who were
proficient in assignment, selection and repetition (96%) were
also proficient in arrays (Figure 2, level 4, top node). On the
other hand, the majority of students who were not proficient in
assignment, selection and repetition (66%) were not proficient
in arrays (Figure 2, level 4, bottom node).

Note that for every level in the tree, the nodes with the larger
number of students are the top node (students who are
proficient in all conceptual categories) or at the bottom node
(students who are not proficient in any of the conceptual
categories). This is characteristic of processes exhibiting
cumulative advantage (or cumulative disadvantage) effects.

Overall, the results in Figure 2 are consistent with Matthew
effects in learning Java concepts. Success (or failure) in the

acquisition of earlier Java concepts begets success (or failure)
in the acquisition of later Java concepts.

5.4. Student performance in assignment assessments

One of the main results presented in Figure 2 is that the
students’ performance in assignment assessments determines
their later performance in selection, repetition and array
assessments. About 49% (=26/53) of students who are
proficient in assignment will be also proficient in selection,
repetition and arrays. On the other hand, about 27% (=25/92)
of students who are not proficient in assignment will not be
proficient in selection, repetition and arrays either. So, the
question is: What determines the initial disparity in
performance in assignment concepts?

Figure 3 shows the relationship between student grades in an
earlier pre-requisite problem-solving course (see Methods,
section 4.1) and their performance in assignment assessments
in the Java course. The grade in the pre-requisite problem-
solving course, which is an estimation of the degree of
preparedness in basic understanding of computer programming
concepts, had an effect on how well students did in assignment
assessments: ~44% of A grade students, ~31% of B grade
students, and ~20% of C grade students were proficient in
assignment concepts in the Java course.
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Figure 3. Relationship between student grades in an earlier pre-
requisite problem-solving course and their performance in
assignment assessments in the Java course.



Therefore, student performance in the pre-requisite problem-
solving course affects their performance in assessments at the
beginning of the semester in the Java course (and beyond as
shown in Figure 2). This means that the Matthew effects at play
in the Java course amplifies initial disparities on computer
programming concepts preparedness. Interestingly, Matthew
effects also affect student progress in the problem-solving
course [14].

VI. DISCUSSION

6.1. Student progress in learning computer programming
concepts (RQI and RQ2)

Figure 2 shows that student performance in understanding a
given concept affects performance in concepts taught later in
the semester as students make progress learning assignment,
selection, repetition and arrays. For example, understanding
assignment concepts facilitates the understanding of selection
concepts, and understanding assignment and selection
concepts facilitates the understanding of repetition concepts.
The same dynamic applies when students do not understand a
concept. Not understanding assignment concepts hinders the
understanding of selection concepts, and not understanding
assignment and/or selection concepts hinders the
understanding of repetition concepts.

Not all students performed well in all concepts or poorly in all
concepts (i.e., not all students are at the top and bottom nodes
of each level in the tree in Figure 2). For example, Figure 2
shows that ~8% (4/53, level 4, 8" node from the top) of
students who performed adequately in assignment concepts
performed inadequately in selection, repetition and arrays. It is
possible that some students who performed well in concepts
taught early in the semester became disengaged later as the
course progressed. Figure 2 also shows that ~10% (9/92, level
4, 9% node from the top) of students who performed
inadequately in assignment concepts performed adequately in
selection, repetition and arrays. It is possible that some students
who had a poor performance in assignment concepts
eventually caught up and understood those concepts as they
were used and reinforced later the semester while learning
other concepts.

Our results, showing that about 63% of students have difficulty
with assignment and sequence statements (Figure 2), are
consistent with earlier reports. Dehnadi [15] showed that ~50%
of students failed to understand the meaning of assignment and
sequence in the first three weeks of a Java course. Common
misconceptions about assignment and understanding a
sequence of statements include: 1) confusing the syntax of the
assignment operator with equality in mathematical expressions
(for example, some students erroneously think that a=a+a;

produces a syntax error, and that a+b=c, does not); 2) not
understanding how the mechanics of the assignment operator
work (for example, some students erroneously think that a=b;
followed by b=a, swaps the values of a and b); 3) ignoring data
types (for example, some students erroneously think that the
name of a variable determines its type, and that a variable
named word and declared as boolean word; can contain text);
4) confusing text and numeric literals (2 and “2”). It is possible
that those misconceptions result from the difficulty of students
in creating mental models of how programs work [16][17].
Therefore, it is important that instructors develop strategies to
help student create adequate mental models of programming.
Moreover, it would be unproductive for students to proceed to
learn selection, repetition and array concepts until they have an
adequate understanding of assignment and a sequence of
statements.

Common misconceptions about selection structures, which are
consistent with earlier reports [18][19], include: 1) inability to
write and evaluate boolean expressions; 2) inability to translate
a condition formulated with words into a boolean expression;
3) syntax errors writing if/else statements (not understanding
if/felse blocks with and without curly braces and incorrect
placement of a semicolon after the condition of an if
statement). Since repetition loops use boolean expressions, it
is not surprising that 59% (39/66) of students who performed
well in selection also performed well in repetition (Figure 2).
On the other hand, 57% (45/79) of students who performed
poorly in selection also performed poorly in repetition (Figure
2). It should be noted that performance in repetition is affected
not only by performance in selection concepts but also by
performance in assignment concepts: 77% (compare to 59%)
of students who performed well in both selection and
assignment concepts also performed well in repetition. In
contrast, only 39% (compare to 59%) of students who
performed well in selection but not in assignment performed
well in repetition.

Common mistakes in the use of arrays relate to: 1) array
indexing; 2) iteration through an array with repetition loops; 3)
treating strings as arrays. Since array processing relies on
repetition loops, it is not surprising that 77% (56/73) of
students who performed well with repetition loops also
performed well with arrays (Figure 2). On the other hand, 54%
(39/72) of students who performed poorly with repetition also
performed poorly with arrays (Figure 2). Performance in arrays
is affected not only by performance in repetition but also by
performance in earlier concepts. For example, 96% (compare
to 77%) of students who performed well in repetition and
selection and assignment concepts performed well in arrays. In
contrast, 61% (compare to 77%) of students who performed
well in repetition, but poorly in selection and assignment
concepts, performed well on arrays (Figure 2).



One approach to improve student success in Java programming
courses is to find early predictors that could identify students
at risk. However, finding effective early predictors of student
performance has remained elusive [9] [11]. Our results show
that student performance in assignment and sequence concepts
is critical because it may determine their performance in
subsequent concepts like selection, repetition and arrays
(Figure 2). Therefore, performance in assignment concepts can
be used as an early predictor of students’ future performance.
As a consequence, improving student understanding of
assignment and sequence concepts should lead to a better
understanding and performance in future concepts.
Performance in assignment and sequence concepts can also be
used to identify potential high-performing and low-performing
students to create pair-programming teams. Pair-programming
has been shown to be an effective pedagogical strategy in
introductory computer programming courses [20][21].

6.2. Matthew effects in learning computer programming
concepts (RQ3)

Figure 2 shows that the dynamics of student progress in
learning computer programming concepts are consistent with
Matthew effects. For every level in the tree, the nodes with the
larger number of students are the top node (students who are
proficient in all conceptual categories) or at the bottom node
(students who are not proficient in any of the conceptual
categories). This is characteristic of processes exhibiting
cumulative advantage (or cumulative disadvantage) effects.
The fact that the understanding of programming concepts
taught later in the course relies on the understanding of
concepts taught earlier may explain Matthew effects in
learning computer programming. Earlier research on Matthew
effects on education suggests that reciprocal causality (i.e.,
positivity feedback) could be one of the mechanisms [6][7].
Early achievements and rewards may lead to more motivation
to learn, which in turn may lead to more achievements and
rewards, in an endless cycle [6]. This relationship between
motivation and learning success could also be a mechanism at
play in learning computer programming. Further studies are
necessary to find the reciprocal causality networks (like the
relationship between vocabulary and reading ability in [7]) that
cause Matthew effects in learning computer programming.

Some students are not at the top or bottom node for each layer
and do adequately in some of the conceptual categories. For
example, for level 4 in Figure 2, ~18% of students do well in
all concepts, ~17% do poorly in all concepts, and ~65% of
students do well in one, two or three of the four categories. If
progress were determined by purely Matthew effects, at each
level, students would be located in just the top and bottom
nodes, with no students in the nodes in between. This shows
that the Matthew effect can be modulated: some students are

able to succeed after an initial failure, and some students may
fail after initial success. Moreover, Matthew effects may be
different for different pedagogies and tools used to teach
programming. For example, when students learn programming
with a flowchart interpreter, Matthew effects are less
pronounced than when students learn programming with
Python [14].

Other strategies that could emphasize the benefits and
deemphasize the hindrances of Matthew effects could be: 1) to
present concepts to students in an effective scaffolded
sequence, so students can make adequate progress in their
ability to understand computer concepts [22]; 2) to perform
continuous reviews and reinforcement of earlier material and
merge earlier concepts with new ones; 3) help students develop
metacognitive skills so they understand which current concepts
they need to master before trying to understand new ones to
prevent disengagement and increase self-efficacy [23]; 4) to
develop personalized teaching and learning strategies [24].

VII. FUTURE WORK

Students’ challenges when learning programming are
multifactorial [24][25]. A major long-term goal is to
investigate how those multiple challenges interact with each
other creating reciprocal causality networks that result in
Matthew effects. The pedagogical strategy would be to
emphasize reciprocal causality networks that beget success
from early success, and to deemphasize (or compensate for)
reciprocal causality networks that beget failure from earlier
failure.

VIII. LIMITATIONS

Further studies are necessary to determine if our results hold in
a different context, and apply to larger and/or different student
populations [26].

IX. CONCLUSIONS

1) Student performance in computer programming concepts
taught early in the course affects performance in computer
concepts taught later in the semester.

2) The ability of students to understand concepts involving a
sequence of statements is a good early predictor of
success/failure in understanding more advanced control
structures like selection, repetition and arrays.

3) Matthew effects are at play in learning computer
programming: early success (or failure) in understanding basic
computer programming concepts begets later success (or
failure) in understanding more advanced computer
programming concepts.
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