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Abstract

This paper reports on a quantitative evaluation of
data collected from student programming assignments
in an introductory programming course, using 44,548
submissions by 192 students over siz semesters. Stu-
dent programs are gathered and automatically scored
for correctness; students are permitted to repeatedly
submit possible solutions until a specific deadline, and
each submission is immediately scored and feedback
given about correctness or any errors. We report on the
process followed by students (total time spent per prob-
lem, number of submissions, rate of completion, etc.)
as well as the results (program length, complexity, state
space). Our study reveals some common characteristics
i “typical” CS1 student solutions and provides some
reflection on the assignment framework.
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1 Introduction

Computer science educators have a significant in-
terest in improving the general understanding of how
novice programmers acquire and improve upon basic
computer programming skills. Introductory program-
ming (CS1) courses apply varied approaches in the de-
sign and assessment of programming assignments, of-
ten differing in the number, size, submission policies,
and degree of feedback given for assignments. In this
paper, we present an evaluation of one programming
assignment framework for a CS1 course and discuss
the advantages and disadvantages of this approach.

This experience report describes the behavior of stu-
dents in a CS1 course at Abilene Christian University.
Utilizing metrics based on submitted source code, fre-
quency of submission and other factors, we quantify
and evaluate some student performance properties.

In our introductory programming class, the pro-
gramming assignment framework requires students to
submit their programs to an online system for auto-
mated scoring. The system uses several techniques
to score the submission including direct inspection for
required features (such as functions), preprocessing
and other source modifications, compiling, linking with
both standard and specialized libraries, and execution
with controlled input. Any step in the scoring process
which produces an error or unexpected result gener-
ates a report to the student with the details. Students
receiving an error message are permitted to iteratively
correct and resubmit their solutions until a correct so-
lution is achieved or a predetermined deadline time is
reached. The notable characteristics of this approach
are the presentation of immediate feedback on either
the success or cause of failure and the allowance for
frequent and repeated iteration (bounded only by an
end-time).

The intention of this programming assignment
framework is to encourage students to complete each
assignment, overcoming early errors and eventually
reaching a final working solution. The CS1 course
presents a large number (approximately 75) of assign-
ments in which students are expected to write complete
working C++ programs. In this way, students are ex-
pected to repeatedly practice and refine their program-
ming skills, gradually increasing in experience and abil-
ity throughout the semester.

This paper reports on the analysis of the gathered
data. We will address the success rate (eventual com-
pletion of programs by students), average number of
attempts per problem, time delay between student sub-
missions for the same problem, and the quality of pro-
grams produced by students in this approach. Related
works are discussed in Section 2. Our data gathering
and evaluation is described in Section 3; the results of
our analysis are presented in Section 4 and some inter-
pretation is given in Section 5. The paper concludes
in Section 6 with a summary of our evaluation of this
data and some thoughts about future study.



2 Related Works

Many educators share a common interest in un-
derstanding how students learns and what can be
done to improve their learning and retention. The
study of novice programmers (notably how they think
about and create computer programs) has attracted
much attention [1, 4, 12, 13]. In recent years, ef-
forts have been made to automatically record and
evaluate student-created solutions for programming as-
signments, and to analyze the behavior exhibited and
stages of progress encountered by student program-
mers [2, 3, 6, 8,9, 10, 11].

Jadud [6] studied the behavior of students in an in-
troductory course. By logging compilations of student
work, he was able to identify the error types most com-
monly encountered by students and analyze their re-
sponses when presented with error messages. He found
that many (51%) student compilations were performed
less than 30 seconds after the previous attempt; our
data corroborates this rapid-response trend in student
behavior and we present some analysis of the success
rate for such behavior.

Various toolsets have been developed to automati-
cally log and/or score student programs. Spacco, et
al. introduced Marmoset [11], an automated system
for student submission, and used this system to study
the development process followed by students in pro-
gramming assignments. Edwards and Perez-Quinones
introduced Web-CAT [3] as a system that “grades stu-
dents on how well they test their own code.” Norris,
et al. introduced ClockIt [10] to monitor student de-
velopment practices, with the goal of identifying and
encouraging successful practices. Murphy, et al. in-
troduced Retina [8] to log and aggregate data about
student progress, providing high-level reports (to both
the instructor and the students) and specific feedback
to each student.

Some previous work has focused on the value of feed-
back in assisting students toward a working solution.
Hattie and Timperley [5] reviewed the general use of
feedback in education, addressing the varying effects
of specificity, timing, and frequency of feedback, and
considering positive vs. negative feedback. Regarding
timing of feedback, they note some indication of bene-
ficial effects in delaying task-level feedback, but provid-
ing immediate process-level feedback. Our data shows
that students make relatively poor use of immediate
feedback on program correctness; although as educa-
tors we intend for programming assignments to help
students to develop process-level skills, this behavior
suggests that they see the assignments simply as tasks
to be completed and respond to feedback accordingly.

Nordquist [9] introduces a submission system much
like the one presented in this paper, with immediate
feedback on correctness and an opportunity for re-
peated submissions; Nordquist’s system also allows for
students, having completed their own solution, to re-
quest and receive the instructor’s solution. Edwards
and Perez-Quinones [2] discuss the value of automated
grading and address strategies for providing student
feedback.

3 Methodology

We gathered data from and about programs that
students created and submitted for CS1 courses of-
fered over several semesters. FEach course section is
given approximately 75-80 programming assignments
(in C/C++) to complete during the semester. Each
assignment, or group of assignments, increases in diffi-
culty, as new concepts are introduced by lecture, read-
ing and examples; our curriculum emphasizes proce-
dural skills early and introduces classes and objects in
the third semester. The CS1 programming assignments
are designed to be completed sequentially through the
semester, utilizing skills and occasionally whole func-
tions developed through previous work.

Students attempt to solve each problem by submit-
ting source code to a system that timestamps, stores,
compiles and runs their code to verify the correctness of
their solution. Correctness is primarily determined by
verifying that correct output is generated for specific
test cases and carefully generated random test cases.
If an error is discovered, either run time or logical, stu-
dents receive immediate feedback about the failed test
case: the given input, the expected output, and the
actual output of their program. Students are allowed
to repeatedly submit attempts for each assignment, as
often and as many as they desire, until the specified
deadline.

3.1 Process Metrics

Our policy permitting iteration allows us to inves-
tigate some aspects of the problem-solving process fol-
lowed by students, such as number of attempts and
time spent between attempts while working on a spe-
cific problem. In combination with computed scores for
each submission we can measure the following aspects
of each student’s progress.

Work Sessions

A work session is the span of time in which the stu-
dent is actively working on their solution to a specific
problem. We assume that an elapsed time between



submissions of 30 minutes or less indicates that the
student was actively working on their solution during
that time. Thus a work session begins at some point
before the first submission and continues as long as the
previous submission was less than 30 minutes before.
A gap of more than 30 minutes is taken to indicate that
the student took a break, and the next submission was
made after the start of a new session of work.

Iteration Interval

The iteration interval is the span of time between
consecutive submissions within a work session. Iter-
ation interval provides a quantitative measure of the
step size employed by the student during problem solv-
ing. For our purposes here, individual submissions are
grouped as occurring (relative to the student’s previous
submission) within one minute, between one and two
minutes, between two and five minutes, between five
and fifteen minutes, between fifteen and thirty minutes,
or as the initial submission for a new session (more than
thirty minutes after previous).

Work Time

Work time is the total number of minutes a student
worked on a specific problem. An estimate of total
work time for a student can be computed as the to-
tal of iteration intervals plus the time before the first
submission of each work session. Under the session as-
sumptions described above, total work time includes
the iteration interval if the time is 30 minutes or less.
For the initial work period and intervals of more than
30 minutes, we rely on adjusted self-reported data from
the students to estimate these time spans. The mecha-
nism for collecting this information is explained in the
next section.

3.2 Survey

In addition to the computed metrics above, a sur-
vey was conducted to gather information about student
perceptions and to help estimate total work time. As
noted above, the initial work interval at the start of
a session cannot be determined automatically and yet
may be the bulk of the total work time. The survey
asked the following questions:

1. Typically, how many minutes did you
work on a problem before making the first
submission?

2. Typically, how many minutes did you work
on a problem during one sitting?

3. Typically, after leaving a problem for
a time and coming back to it again later,
how many minutes did you work before making
another submission?

4. Typically, how many total minutes did you
spend on each problem?

5. Typically, how many submissions did you
make for each problem?

Questions 1 and 3 above are the core of this instru-
ment, seeking to learn the “start up” time in a working
session before submitting an attempted solution. Ques-
tions 2 and 4 can be used to check consistency with 1
and 3, since the iteration interval times computed auto-
matically can be deducted, leaving time before the first
submission and time before other sessions. Question 5,
whose answer is known from gathered data, allows us
to crudely measure the accuracy of student responses.

3.3 Source Code Metrics

The solution to each problem presented is source
code of a working program able to complete the task
described in the problem statement. Another avenue
of evaluation for student submissions considers prop-
erties of the source code using common metrics. Solu-
tions for each problem have been created by instruc-
tors and teaching assistants, although it is important
to note that, while the “correct” solutions were created
by knowledgable programmers, they do not necessarily
represent the best possible implementation. These pro-
grams were primarily written to be clear and straight-
forward implementations. Additionally, they are writ-
ten to reflect the solutions that can be reasonably ex-
pected to be within reach of the students, given their
experience level and the course material covered prior
to that point. Thus, these solutions provide a baseline
against which student solutions can be measured and
quantified. Since students are allowed and expected to
iterate toward a working solution, we will consider only
those submissions which successfully solve the problem.

Since our CS1 curriculum is primarily concerned
with procedural concepts, we concentrate on “size”
metrics as a surrogate for overall solution difficulty. We
have chosen to utilize these measurements: source lines
of code, McCabe cyclomatic complexity, and number
of declared variables. Together, these metrics provide
some indication of the difficulty level for a specific pro-
gram.

Source Lines of Code

Source Lines of Code (SLOC) is the number of lines
of code in a program after removing comments, char-
acter strings, and blank lines. Removing comments,
character strings and blank lines is an attempt to re-
duce discrepancies between authors; intuitively, this
provides a more accurate measurement of the mean-
ingful source code. SLOC has traditionally been used
as a rough measure of size and effort; it is included here



because it is easy to measure and has been widely used
in the past. In addition (and anecdotally), SLOC ap-
pears to be used by the students themselves to assess
the relative difficulty of a program.

Cyclomatic (McCabe) Complexity

Cyclomatic complexity [7] is a measurement of the
number of linearly independent paths of execution in
a program, a quantitative measurement of the logical
complexity of a program. The easiest way to com-
pute cyclomatic complexity is as the sum of the num-
ber of flow-control branches plus the number of sepa-
rate functions in source code. Since student submis-
sions are limited to C++, the only branches to take
into account are conditional statements (if, case, and
the ?: tertiary operator) and looping constructs (for,
while, and do). Cyclomatic complexity correlates with
control-flow complexity and is used here as a measure
of the cognitive load or difficulty of the problem in that
sense.

Declared Variables

Declared variables count the variables of types com-
mon to CS1 programs (int, float, double, bool,
long, unsigned, char and string) which are declared
in the source code. This metric considers all declared
variables in global scope as well as within the scope
of functions, however it excludes function parameters.
Declared variables roughly captures the state space of
the program, representing another dimension of pro-
gram complexity.

Figure 1. SLOC over semester

0
Figure 3. Declared variables over semester

Figures 1, 2, and 3 depict (respectively) the ex-
pected SLOC, McCabe complexity measurement, and
declared variables for each solution throughout the
course of a semester. Each measurement reflects a
gradual increase in difficulty over time. There are small
peaks later in the semester, indicating more difficult
assignments that often combine several concepts, but
generally the difficulty level rises steadily as new con-
cepts are introduced and students become more profi-
cient at programming.

Although a number of different metrics could be ap-
plied to source code, we believe that these metrics pro-
vide a reliable measurement of the effort required to
create CSl-level programs.

Figure 4 shows one possible solution to a typical as-
signment from the curriculum (approximately halfway
through a semester): displaying Pascal’s Triangle. Stu-
dents are encouraged to use a previously-created im-
plementation of the Factorial function and create
the Combinations function to calculate binomial coef-
ficients. In this implementation, SLOC is 28, McCabe
complexity is seven (three functions plus four loops),
and declared variables is six.

#include <iostream>
#include <iomanip>
using namespace std;

int Factorial(int n)

{
int £ = 1;
for (int i=2; i<=n; i++)
f x= i
return f;
}
int Combinations(int n,int k)
{
return Factorial(n) /
(Factorial(k) * Factorial(n-k));
}
int main()
{
int n;
cout << "How many rows? ";
cin >> n;
for (int i=0; i<=n; i++) {
for (int j = 0; j < n-i; j++)
cout << " ",
for (int j = 0; j <= i; j++)
cout << setw(6) << Combinations(i,j);
cout << endl;
}
}

Figure 4. Pascal’s Triangle



4 Results

In this section, we present the results of collecting
the information described in Section 3. In the next
section we provide our interpretation of these results.

Data was collected from programming assignments
in six semesters of a CS1 course, Spring 2009 through
Fall 2011, in which 192 students were each expected to
complete 75-80 problems. Students were allowed (and
expected) to submit multiple attempts while working
toward a solution; nearly all students who attempted a
given problem eventually completed it. Table 1 shows
the distribution of final results, after iteration, for all
student-created solutions where the student submitted
at least one attempt.

Best result reached ‘ Count [ Percent

Submitted, but did not compile 284 2.8%
Compiled, but not fully complete 322 3.2%
Successfully completed 9532 94.0%

Table 1. Final Results for Student Solutions

4.1 Process

The 9,532 correct student solutions required 44,548
submissions, or an average of approximately 4.7 sub-
missions and 1.3 sessions per problem to reach a so-
lution. If only problems with ”correct” McCabe com-
plexity of seven or higher are considered the average
number of sessions grows to 1.5.

Table 2 displays student submission counts for suc-
cessfully completed problems, grouped by iteration in-
terval. The rightmost column of Table 2 shows how
many (and overall percentages) of the submissions from
each time “bucket” resulted in an increase over the pre-
vious highest grade in that assignment for the student.
The average interval between attempts within the same
session is 2.6 minutes.

Since Last Submission | Count [ New Highest Score
First submission 9532

< 1 min 14628 5332 (36%)
1-2 min 7652 2429 (32%)
2-5 min 5729 1753 (31%)
5-15 min 3079 936 (30%)
15-30 min 946 279 (29%)
New session 2982 919 (31%)
Total 44548 | 11648 (26%)

Table 2. Submissions by lteration Interval

4.2 Survey

We sent 384 surveys to current (57) and recent (327)
students and received 92 apparently valid responses,
a 24% response rate. Invalid responses (e.g., answer-
ing 240 to every question) have been removed. Still,
a wide variation in responses was seen, as indicated
by the standard deviations for each question. Student
responses are characterized in Table 3.
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Table 3. Survey of Time Required

4.3 Source Metrics

For our problem set, the average SLOC in the “cor-
rect” solutions is 23.8; over all student solutions, the
average SLOC is 28.

Table 4 displays the McCabe complexity of student
programs in comparison to the “correct” (or expected)
solutions.

Table 5 displays the number of declared variables
in student programs in comparison to the “correct”
solutions.

5 Interpretation

From the data shown here, it is clear that most stu-
dent submissions fail in both the overall goal of solv-
ing the stated problem and the more immediate goal
of simply improving their score. Students submissions
tend to occur in spurts of several rapid attempts inter-
spersed with longer intervals. Half of all student sub-
missions (50.0%) occurred within two minutes of the
previous submission; approximately one-third (32.8%)
of all submissions occurred within one minute of a pre-
vious submission.

An examination of a random sampling of these
quick-turn-around submissions reveals several different
types of changes being made. As might be guessed,
many include trivial corrections for typographical er-
rors such as simple compile errors (e.g., missing semi-
colon) or simple output mistakes (e.g., printing the
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Table 4. Flow Complexity of Student Solution

wrong variable or a misspelled input prompt). How-
ever, another category of submissions exist which con-
tain minor changes made hurriedly and seemingly
somewhat at random. In many cases the change is
unrelated to the feedback received on the previous at-
tempt. It may be that the policy allowing unlimited
attempts is being abused in these cases. However, the
number of successful completions of student problems,
given that any attempt was made, leads us to believe
that allowing students to iteratively submit, test, and
alter their programs until a solution is reached encour-
ages learning and problem-solving.

We see that students, on average, write their pro-
grams with a couple more lines than are really needed
to solve the problem. Such a small difference in length,
however, may indicate nothing more than small vari-
ances in stylistic preferences, rather than significant
differences in logic and implementation.

5.1 Survey

The total amount of time 7" that students work on a
typical problem is clearly the sum of the time spent in
all sessions working on that problem, or the sum of the
lead-in time in the first session plus the lead-in time in

Table 5. State Space in Student Solutions

later sessions plus the average working time after the
first submission of each session. So, clearly we have:

T=[F]+[Bx*(S—1)]+[(M—-S)x NJ,where

F is the average lead-in time in the first session

B is the average lead-in time in any later session

M is the average number of submissions per session
N is the average iteration interval (between submits)
S is the average number of sessions per problem.

The typical iteration interval, number of submis-
sions per session, and number of sessions per problem
can be calculated from student submission data; the
values S, M, N used below are calculated for just the
survey respondents and so may vary slightly from the
overall averages.

The values F, B are not measurable by automati-
cally gathered data and so rely on student-reported
data. By survey results, students estimated an average
F = 34 minutes spent on the problem before their ini-
tial submission (question #1) and B = 18 minutes at
the beginning of each later session (question #3).

Then, T=F+Bx*(S—1)+ (M —-S)*«N
=344 18 (13— 1)+ (4.6 — 1.3) x 2.6
=48



This conclusion is lower than the student-reported av-
erage of 67 minutes per problem. We believe that the
difference is attributable to the imprecision of student
estimates. Students also tended to overestimate the
number of submissions for problems, as compared with
known data. Despite differences, the rough similarity
of known and student-reported data supports an as-
sumption that, on average, students do spend about an
hour per problem. Given approximately 75 problems
in the course, this implies that students spend about
75 hours working on programming assignments or ap-
proximately 5 hours per week (in a 15-week semester).

5.2 Source Metrics

The average McCabe complexity for the expected
solutions is is 3.40, as compared to an average Mc-
Cabe complexity value of 4.95 for student solutions.
It may be possible to craft a solution with a lower
than expected McCabe complexity measurement, by
employing optimizations not yet introduced in class or
by discovering and exploiting gaps in the automated
scoring of the problem. However, despite the fact that
expected solutions place more emphasis on clarity than
optimal McCabe complexity, 14.1% of all student sub-
missions were two or more above the McCabe com-
plexity for the solutions, as opposed to only 5.4% of
submissions that were two or more below the McCabe
complexity for the expected solution. While most stu-
dents were able to complete assignments within one
McCabe complexity of the “correct” solution, the av-
erage difference of one McCabe complexity reflects stu-
dents’ overall tendency to solve problems with higher
complexity than required.

The larger average complexity is likely caused in
part by an incomplete grasp of the assignment, and
thus a tendency to introduce additional, unnecessary
logic to handle cases not required by the problem state-
ment. Students may also occasionally use an unnec-
essarily complicated and circuitous algorithm to solve
an assignment, but even for those submissions which
use the same algorithmic strategy as the expected so-
lutions, additional McCabe complexity may arise from
an imperfect understanding of Boolean algebra used to
reduce logical expressions and control flow to a more
minimal level.

Again, it may easily be possible to use fewer vari-
ables; the “correct” solutions were not intended to be
fully optimized by any standard, but simply to reflect
expected student behavior at this point in the course.
The average number of variables per “correct” solu-
tion is 2.91, as compared to an average variable count
of 3.82 for student solutions. Student submissions once

again exhibit higher complexity than the expected so-
lutions, in the form of increased state space, with 27.6%
of student submissions using two or more variables be-
yond the number appearing in the “correct” solutions.
This is to be expected, as students are still learning
the basic concepts of programming and may not fully
grasp when it is necessary or even helpful to add an
additional variable to the program.

Having examined metrics for the complexity, state
space, and length of student solutions, we see that stu-
dents tend to craft solutions that are slightly larger (in
every dimension) than is required. This excess likely
stems from their iterative approach to problem-solving,
identifying and correcting one problem at a time and
persisting until no problems are apparent. It may also
be indicative of the average student’s incomplete un-
derstanding of concepts like state space and Boolean
algebra.

6 Future Work and Conclusion

In this paper, we have presented data gathered from
CS1 sections over the past few years and reported on
measurements of both the process and results of stu-
dent programming when using an iterative assignment
framework. This data suggests that students that the
advantage of very high completion rates may be off-
set by more complicated solutions when given instant
feedback and unlimited retries. Probably because the
framework lessens the need for (and perceived impor-
tance of) full understanding. When encountering is-
sues, students “fix” the problem by introducing addi-
tional control flow structures, thus increasing the com-
plexity of the solution.

In future work, we will observe the effect induced by
making some part of the student’s score dependent on
the McCabe (or similar) complexity measurement of
their submission, relative to the expected value. Simi-
larly, we will investigate the effects of “throttling” sub-
missions by introducing either a maximum number of
attempts, or minimum submission interval. We also
plan to introduce measurements of student confidence
in the correctness of their program. Given the high
failure rate of student submissions before reaching a
solution, we think it would be valuable to assess the
confidence students feel in the correctness of their pro-
grams prior to submitting them for scoring.
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