Commonsense Computing:
using student sorting abilities to improve instruction
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ABSTRACT

We examine students’ commonsense understanding of com-
puter science concepts before they receive any formal in-
struction in the field. For this study, we asked students on
the first day of a CS1 class to describe in English how they
would arrange a set of numbers in ascending, sorted order;
we then repeated the experiment asking students to sort a
list of dates (in mm/dd/yyyy format).

We found that a majority of students described a coherent
algorithm; some described versions of insertion or selection
sort, but many gave unexpected algorithms. We also found
significant differences between responses given for sorting
numbers versus dates. Based on our analysis of the data we
suggest that beginning-programming instructors more ex-
plicitly discuss data types, begin loop instruction with post-
test loops, assist students in recognizing implicit conditional
and iteration use in natural language solutions to problems,
and recognize that novices and experts focus on different
aspects of the problem in even basic problem solving tasks.

Categories and Subject Descriptors

K.3.2 [Computer Science Education]: Introductory Pro-
gramming—abstract programming concepts

General Terms

Algorithms, Human Factors
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1. INTRODUCTION

This paper reports on the second in a series of projects in-
vestigating “commonsense computing”: what students know
about computing concepts before having formal instruction.

Recent studies of computing students indicate that in-
troductory students lack certain skills: both their ability
to write programs [14], and their ability to read and trace
code[13] are well below what we might expect. Ben-David
Kolikant [3] found that students apply a sense of “mostly
correct” to their programs, suggesting they do not even
know what it would mean for their programs to work! These
results are independent of the programming language and
paradigm of instruction.

On the other hand, studies have also demonstrated that
students have considerable ability to reason about computer
science topics. Ben-David Kolikant [2] found students could
solve problems requiring concurrency; Gibson and O’Kelly
[9] found pre-college students could solve a variety of search
problems and beginning computer-science students could
prove results about the Towers-of-Hanoi problem.

This disconnect between demonstrated programming knowl-
edge and demonstrated reasoning skills suggests students
have considerable knowledge that we, as instructors, can
leverage to teach computer science more effectively. To
leverage students’ existing knowledge, however, we must
first determine what that knowledge is.

For our initial projects, we chose to focus on sorting, be-
cause it not only encompasses key computing concepts such
as models of storage, iteration, and conditional evaluation,
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investigated students’ knowledge of algorithms and sorting
by giving them a list of ten positive integers and asking them
to write a paragraph describing how they would put those



numbers in ascending order. That data was gathered in the
fall and winter of 2005-2006.

The second project, carried out in Spring 2006, used essen-
tially the same question, except that the data to be sorted
was a list of ten dates, written in the format month/day/year
using numeric values (e.g., 7/31/2006).

The discussion in this paper is on the new date-related
data and the new results and implications for teaching that
come out of joint analysis across both data sets. The specific
questions addressed in this paper are:

e Can students describe algorithms to sort numbers and
dates?

e Are there differences in the approaches taken to these
two tasks?

e Do student preconceptions of sorting have implications
for teaching introductory computer science?

The results suggest that beginners can describe algorithms
in both cases, but there are differences observed for the two
tasks. Specifically, in the date results we see issues of data
representation and difference in student focus than in the
numerical sorting. We also confirm student preference for
post-test loops. The data futher suggest other implications
for teaching.

The rest of this paper is organized as follows. In Sec-
tion 2 we review the related work on preconceptions. In
Section 3 we discuss our research methodology. In Section 4
we present the results of the study. In Section 5 we discuss
the implications of these results for teaching.

2. RELATED WORK

This work is motivated by the constructivist view of learn-
ing, which holds that learning takes place by refining and ex-
tending what the student already knows [1, 6]. Bransford et
al. [5] argue that learning must engage the students’ precon-
ceptions to be effective. Schwill [17] applies Bruner’s notion
of fundamental ideas [6] to computing, and argues that the
fundamental computing ideas, which provide a framework
for learning constructively, have meaning in everyday life,
and can be described in ordinary language.

Several researchers have studied student preconceptions:

e Miller [15] analyzed “natural language” programs by
students who had not had a formal programming course,
with the purpose of exploring the idea of writing com-
puter programs in natural language. He found that a
number of standard programming concepts showed up
in these natural language descriptions, but that there
were differences between these and programs in com-
puter languages, especially in terms of knowledge im-
plicit in context or general world knowledge.

e Onorato and Schvaneveldt [16] also looked at natu-
ral language descriptions of a programming task, com-
paring subjects drawn from different pools: mnaive—
students with no programming experience, beginner—
students currently taking their first programming course,
and ezpert—students with a good deal of programming
experience. The task was to explain how to find a
name in a telephone directory either to a person, to
a person without any knowledge of telephones (they
specified George Washington), or to a computer. Along

with differences between experts and novices, they also
found differences between the naives and beginners
though neither had experience programming.

e While studying misconceptions of novice programmers,
Bonar and Soloway [4] specifically considered prepro-
gramming knowledge, which they call “step-by-step
natural language programming knowledge.” They dis-
tinguish this preprogramming knowledge from knowl-
edge of the programming language Pascal, which the
students were learning in their introductory course.
They found that many of the observed bugs could be
explained by a mismatch between students’ knowledge
in these two different domains.

e Ben-David Kolikant [2] looked at student preconcep-
tions about concurrency, asking whether students could
solve some simple tasks that require synchronization.
She found that students with no experience with syn-
chronization in computing were able to draw upon real-
life experience to come up with the necessary mecha-
nisms.

e Gibson and O’Kelly [9] looked at a variety of search
problems (with pre-college students) and Towers-of-
Hanoi problems (with beginning computing students),
and found that both groups showed “algorithmic un-
derstanding” of how to solve these problems—they
were able to consider and reason about the process
used to solve the problem, not just find a solution.

Finally, there is a substantial body of work both in com-
puting and other disciplines on misconceptions: incorrect
concept understandings that need to be replaced with cor-
rect models. Clancy [7] provides a survey of this work in
computer science; [8] (Ch. 4) gives an overview and provides
references in science education. Smith et al. [19] challenge
this view in the context of math and science education, ar-
guing that misconceptions are limited mental models that
can be built upon to gain correct understanding.

Like Smith et al. [19] , Hammer [11], and Ben-David Ko-
likant [2], we seek preconceptions that might be built upon
to help students learn specific concepts within a particular
context. This is in contrast to a number of studies that
build models that predict student success based on their
background knowledge and experience.

3. METHODOLOGY

So far, we have carried out two projects as part of this
study. The first dealt mainly with sorting a list of integers
and is specifically reported on in [18]. The second dealt with
sorting a list of dates. The methodology was similar in both
projects.

3.1 The tasks

The first project used the following task (the Number
Sort):

Write a paragraph in complete English sentences
describing how you would arrange a set of 10
numbers in “ascending sorted order” — that is,
from smallest to largest. You might consider
the following list of numbers, but make sure that
your paragraph describes how to do it with any
10 numbers.



33 14 275 326 213 190 205 4 428 254

We also used a few variants of the list, including negative
and real values, without significantly different results.

The second project used the following task (the Date Sort):

Write a paragraph in complete English sentences
describing how you would arrange a set of 10
dates in ”ascending sorted order,” that is, from
earliest to latest. You might consider the follow-
ing list of dates, but make sure that your para-
graph describes how to do it with any 10 dates.
The dates are in month/day/year format.

12/21/2004 5/1/1988 7/21/1970 8/28/2001 1/31/2002
6/6/2004 5/20/1988 11/5/1970 4/2,/2001 9/9,/2002

3.2 Subjects

Both tasks were given to beginner students — those taking
a first computer science course without prior background in
computer science. The Number Sort was given to students
at two institutions (N=118). The Date Sort was given to
students at three institutions (N=75).

3.3 Tagging the data

In each data set, the responses were analyzed for correct-
ness, approach to the problem, the use of control structures.
In each of these areas, at least two researchers participated
in the coding of the data, with disagreements worked out in
discussion with a third researcher. In addition, we computed
a few more objective results, such as the number of words in
each response, a straightforward process undertaken by one
researcher.

Correctness: For both tasks, we asked whether the re-
sponse worked, both for the specific example given and in
the general case. To determine whether the response gen-
erated an algorithm we could follow, we read the responses
with the list of values in front of us and tried to sort the
values following the instructions. After evaluating the sort
based on the given values, we then considered whether or
not that process would have worked on any list.

Approach: How do students approach the data as they
sort? For the Number Sort, we described each student’s
approach as String (the values are a string of digits), Nu-
meric (the values are numbers), or Other. For the Date
Sort, we distinguished among responses where the student
never mentioned any sub-parts of the data at all; broke the
data into year, month, day; mentioned only the year; or
broke the data down into month, day, year, and broke those
values down even further into digits. Finally, there were stu-
dents who pre-processed the data by concatenating the three
sub-parts into one value and then discussing a digit-based
sort.

Focus: We also examined the approach in terms of the
descriptive focus of the subjects, using a grounded theory
approach. For the Number Sort, we used a grounded-theory
approach. This is a qualitative research method in which
theories are derived inductively through close examination
of the data [10]. Accordingly, we developed a list of foci
through close reading of the student responses.

Control Structures: For both tasks, we asked whether
students showed a knowledge of control structures, specif-
ically: Did they use iteration (i.e., describe the repetition

of a particular process to achieve the sorted order)? and
Did they use conditionals? We tagged each response indi-
vidually, but also did a word count of terms such as “if,”
“repeat,” “while,” “until,” and so on.

Examples: For both tasks, we categorized responses based
on whether or not the student used an example to illustrate
their algorithm.

Content Analysis: For both tasks, we examined some of
the surface characteristics of the responses: How concise is
the response? (Measured by counting the number of words
used.) How many “computer science” terms are included?
(Measured by building a list of computer science terms and
counting their occurrence in each response.)

4. RESULTS

In [18] we report in detail on the first phase of this study.
We include only the results pertinent to our overall discus-
sion in this section, along with the results of the second
phase of the study involving dates. When reporting a statis-
tical analysis, we provide the raw value of the test statistic,
the number of degrees of freedom and the attained signifi-
cance (p) for each test. For all tests, we set o = .05, and
assume unequal variances for unpaired t-tests.

Correctness: In the Number Sort, 69% of the students
gave a correct response for the specific set of numbers pro-
vided, but only 57% gave a correct response for a general list
of 10 numbers. In particular, many students gave responses
which only worked for numbers < 1000. (We didn’t require
them to take into account negative numbers or fractions.)
In the Date Sort, 65% of students gave a correct response
for the specific set of dates, and 61% gave a response that
would be correct for any 10 dates. The difference between
student performance on the two tasks was not statistically
significant in either the specific or the general case.

Approach: In the Number Sort, 63% of students gave a
String response, for example:

To arrange a set of 10 numbers in ascending sorted
order, you would have to first consider how many
digits the number has, and what the numbers of
the digits are... [Y F07]

Fewer (35%) treated numbers as primitive types. Among
these, selection-sort-style approaches were common. String
responses were less likely to be correct (69%) than responses
that treated numbers as a primitive type (76%), which was
attributed to the greater detail required for a String re-
sponse.

In the Date Sort, fewer responses treated the data as a
single unit (only 13%). 75% of the students explicitly broke
the data into three parts and considered the year, month,
and day separately, and 3% explicitly broke out the year but
treated the remainder of the date as a unit. Surprisingly,
having broken the data down into separate numbers for the
year, or year/month/day, only 9% went further and broke
those numbers down into strings of digits.

Focus: In the Number Sort, 50% of beginning students
focused on grouping the data by the number of digits and
then doing a digit-by-digit comparison of the values in those
groups; 19% focused on the process of choosing the smallest
value in the list and placing it into the growing sorted list



(i.e. a process related to selection sort); 8% focused in detail
on how to find the smallest value in the list; 8% focused
on how to place the current value under consideration into
a sorted list; 7% focused on giving a thorough definition
of how values are known to be larger or smaller than each
other.

In the Date Sort, for the large majority of responses the
main focus was on explicitly dealing with the date in three
parts and using those parts to determine which date was
earliest. We further examined the responses to see if this
focus naturally led to responses with recognizable pieces of
selection sort. We found that 25% of the responses focused
on the selection of the smallest date, whereas most of the re-
maining ones sorted within year groups, then month groups,
and then by day. In the latter cases, “sort” was a primitive
operation, assumed to work based on the breakdown of the
data.

Control Structures: In the Number Sort, 65% of the
students expressed iteration, and 43% expressed condition-
als. Use of conditionals was significantly higher in String-
approach responses, due to the need to describe how to order
numbers that begin with the same digit. The use of control
structures is not correlated with the correctness of the an-
swer.

In the Date Sort, only 27% of the students expressed it-
eration, whereas 60% expressed conditionals. Students used
conditionals in a similar context to that of the Number Sort:
when describing how to order dates that have the same year.
Of responses breaking down the data into parts, 69% of them
explicitly expressed this behavior.

Students differed significantly in their use of condition-
als (x? = 4.64, df=1, p = .031), being more likely to use
them with dates and less likely with numbers. Students also
differed significantly in their choice of whether to use iter-
ation (x? = 24.9, df=1, p < 107°), being less likely to use
iteration with dates, and more likely to use iteration with
numbers.

Examples: Whereas exactly 50% of students gave an ex-
ample in their responses in the Number Sort, only 34% gave
an example in the Date Sort. The difference is statistically
significant (x? = 4.25, df=1, p = .039).

Content Analysis: Finally, responses were analyzed for
the total number of words in the response and the pres-
ence of computing-related terminology. On average, in the
Number Sort, students used 169.4 words and 1.8 computer
science-related terms. In addition to observing that String
responses seemed more complex, we found they were also
longer (183.6 words versus 148.4 words for Numeric). How-
ever, on average Numeric responses contained more comput-
ing terms than String respondents (2.5 versus 1.5).

In the Date Sort, students used an average of 123 words
per response. The difference between the length of their
responses for sorting numbers and dates is significant using
a two-tailed t-test assuming unequal variances (¢ = 1.97,
df=169, p = .000285). Students also used significantly fewer
computing terms (1.2) when sorting dates (¢t = 1.98, df=154,
p = .0267).

5. IMPLICATIONS FOR TEACHING
5.1 Natural Problem Solving Skills

Teachers of introductory programming courses frequently
explain that we are not just teaching programming, we are
teaching problem solving. This study demonstrates that
students bring natural skills with them and can describe a
process that is frequently followable as an algorithm. We
need to recognize that a large piece of teaching program-
ming and problem solving is facilitating the transfer of nat-
ural knowledge into the limited context/framework of the
algorithmic language provided. The ability of so many stu-
dents to provide an algorithm that can be followed suggests
leveraging their ability to write natural language solutions
as they work on writing programs.

5.2 Types Are Not Natural

For most of the subjects in this study, there was no notion
of a data type. Most of the students chose to treat numbers
as strings in the Number Sort, but as integers in the Date
Sort. In the Number Sort, the number was often treated as
a string of digits with digits being the only comparable piece
of data. In the Date Sort, however, students who are oth-
erwise similar to those working on the Number Sort had no
problem treating multi-digit values as comparable integers.
This suggests the notion of data type needs explanation as
it doesn’t appear to be natural or even implicit in the re-
sponses; giving a short task like the Number Sort may be
useful to bring out this distinction.

5.3 Loops

Post-test loops are much more natural to students. They
were more frequently used in both tasks. “While” is almost
never used (20 times over 185 subjects) and “until” occurs
more frequently (70 times over the 185 subjects). In many
cases the form of the response describes the basic action
to be done, and then refers to repeating the process until
completed. This pattern of response suggests students may
benefit from starting with the more natural post-test loop,
then being presented cases in which the while loop makes
sense. Over the long-term, because of its universality, it
seems likely that students will come to the same conclusion
their instructors have — that “while” is the most useful. Over
the short term however, the post-test loop provides students
a more intuitive control structure.

5.4 Implicit uses of conditionals and iteration

Conditionals and iteration are often implicit, and responses
using explicit conditionals and iteration are not correlated
to correct responses. In our tasks, subjects tended to use
iteration when describing the sorting of numbers, and con-
ditionals when describing sorting dates. Thus in each task,
implicit use of iteration and conditionals was frequent. An
implication of this result is that we may need to help stu-
dents explicitly notice where iteration or conditional action
is needed, unpacking their natural solution into one trans-
latable to a programming language.

5.5 Where is the focus?

Most subjects in the study were able to break the problem
down and present what they saw as a key sub-problem to be
solved. We note two key points here. First, most students
worked on the details of only a single sub-problem, for ex-
ample how to compare two values; in the case of dates, after
describing how one pulls apart the date, students would use
“order within a year” as a primitive operation, not bothering



to provide further details.

Second, the students chose a level to work at that seemed
most natural to them, though it may not seem natural to
an experienced computer scientist. The students broke down
numbers the way they were taught to in elementary educa-
tion — they were taught that digits are the basic parts of
a number; similarly, they break down dates the most com-
mon way as well, into month/day/year. What they did not
do, at this early stage, is describe the solution in terms of a
data representation supporting the most efficient algorithm.
Similarly, they did not worry about control structures that
they find to be obvious, discussing “grouping” of data as a
completely primitive operation.

The focus of the responses illustrates the difference in cog-
nitive model that beginning students bring to formal instruc-
tion in computer science. The single focus of the response
resonates with the basic level category discussed in catego-
rization theory. Basic level categories are the most natural
level at which one describes something — the distinctions
considered most generally useful, e.g. “there’s a dog on the
porch” rather than “there’s a mammal on the porch” or
“There’s a wire-haired terrier on the porch.” [12]. For our
beginning students, distinctions of data type or control are
not natural. Most responses in our study suggest the stu-
dent’s model for instructions are not the same as the model
we actually use in programming.

We can exploit the students’ focus on a problem by using
it to have a concrete discussion about the model of control
and data structures used in programming. Starting with
an example like these tasks, students can be brought into a
discussion of the actual control and storage structure model
used for programming, addressing issues like why grouping
data is difficult, why moving data actually involves making
copies, and the granularity of a value.

6. CONCLUSIONS AND FUTURE WORK

This study of beginning computer science students sug-
gests students bring significant skill in describing algorithms
to their first course though their model of computation is
not the same as the model they will be using in their com-
puter science career. We believe these natural skills can be
leveraged as we teach our students.

While this study has concentrated on a very algorith-
mic task, we continue to investigate other natural resources
students bring to computer science. In particular, we are
interested in natural abilities in areas such as debugging,
human-computer interfaces, concurrency, data representa-
tion, conditional expression, searching, discrete probability,
requirements elicitation, modeling, separation of concerns,
and abstraction.
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