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Resumen

Calificar cédigo fuente es una tarea que cada instructor de programacion debe enfrentar
en su dia a dia. Esta tarea conlleva varios retos entre ellos la cantidad de codigo a calificar,
la dificultad de la tarea propuesta, entender como cada estudiante estd intentando resolver
la tarea y proveer realimentacion para garantizar una aprendizaje de calidad. Esta tarea
no solo es relevante en contextos académicos, por ejemplo en la industria, calificar efectiva-
mente codigo fuente es crucial en el proceso para contratar al programador adecuado para
una vacante. En este trabajo, proponemos una modificacion al proceso regular de calificar
c6digo agregando un componente automético (o por lo menos semi-automético) para ayudar
a un instructor de programacion en esta tarea. Nuestra propuesta incluye una ribrica para
calificar codigo fuente, la construcciéon de un data set, la extraccion y el andlisis del codigo;
para finalmente mostrar nuestra solucion al problema de calificar codigo fuente de manera
automatica resolviendo la tarea como un problema de clasificacion.

Palabras clave: Calificar cédigo fuente, analisis de cédigo fuente, ribricas .
Abstract

Grading source code is a task that every programming instructor has to face in her daily
life. This task has many challenges among them the amount of source code the instructor
has to grade, the difficulty of the proposed problems, understanding how every student is
trying to approach the solution, and providing good feedback to guarantee quality learning.
This task is also relevant on hiring processes, to assure the contractor party is effectively
hiring the best developer for the job. In this work we are proposing an enhancement of the
regular grading process in an academic context to grade source code in an automatic (or at
least semi-automatic) way to help out the instructor in this process. We propose a rubric to
grade source code that can be easily used to evaluate several solutions to a programming
problem, then we show the construction of the data set, the feature extraction and analysis
of source code, and finally our results for grading source code framing the task as a classifi-
cation problem.

Key words: Grade source code, source code analysis, rubric to grade source code .
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1 Introduction

Having large amounts of data and extracting information from them is a very common pro-
blem in different fields and source code is not the exception. Considering source code in an
academic context, the information extracted could be used to provide feedback in different
ways. An important and useful way is to provide an assessment, so that the students can
benefit from early disambiguation of misconceptions [24].

The assessment, interpreted as an objective quantification of how good a source code is
solving a particular task, could give to the instructor an idea of how students are acquiring
and assimilating the knowledge [24]. But not only instructors benefit from it: any reviewer
who aims to grade source code, for example in a hiring process, can use it as part of the
assessment to highlight aspects of the candidate during a coding interview [32]; this problem
is relevant in terms of the increasing number of programmers that the industry requires
[9] and the short amount of time a recruiter has to filter the best candidates for the job
[32]. An objective assessment could also be useful for the task of ranking the performance
of a programmer, identifying her strengths, and in what kind of field her skills are better
[32]. But providing an objective assessment implies a big effort for the reviser or instructor,
and in order to decrease her work [3] it is important to do it automatically, or at least,
semi-automatically.

1.1. Motivation

Good feedback is one of the central keys for quality in students learning [24]. Feedback can
be understood as any kind of communication between the instructor and the students. It
can be guidance, an email, or a comment during class, among others [24]. But the main cha-
racteristic is that it comes from the instructor’s understanding of how the student solved (or
tried to solve) an exercise, or in this case, of how the programmer is trying to solve a problem.

In [13] is mentioned that the most powerful feedback occurs when feedback is given to
the instructor: how well they have taught, who they taught well, what they have or have not
taught well. Here, the importance of also give feedback to the instructor is shown as she can
act as an effective replicator of the feedback.



2 1 Introduction

Automatic source code assessment has a wide amount of related work and has been in-
vestigated since the 60s [17, 18]. Its aim is to reduce the amount of work that an evaluator
does [32], and improve the speed, availability, consistency, and objectivity of the assessment
[2]. All of these improvements could be applied to source code from students, but also from
candidates in a hiring process, and as said in [5], besides improving the feedback, it expands
the pool of good candidates.

Having a large amount of source code to be assessed is a problem for supervisors aiming
to give feedback. It becomes more difficult as the number of tasks the instructors have to
asses increases; it is difficult to do it by hand, but doing it automatically is a challenge.
To provide an objective assessment implies determining the level of expertise of the coder,
and to determine a scale to measure how good the coder is at solving a given programming
problem. Also, it is a challenge to determine how to classify the coder objectively.

1.2. Problem identification

Grading source code requires a way to assess it objectively, and some authors have proposed
rubrics as a way to do it. Authors [22] have proposed generic rubrics to assess source code,
while others [32, 5] [| have proposed more specific rubrics to grade source code taking into
account characteristics extracted from it. These characteristics could be source-code-based
or text-based (using the source code as plain text). Among these characteristics, several
authors use one or the other, and even both combined [26, 19, 21]. Even so, these rubrics are
leak of clear boundaries, meaning that a given piece of source code graded with them could
have multiple grades and also it is difficult to select only one grade due to the ambiguity of
the description, also a rubric general enough to be used in several problems is still missing.
Regarding the source code representation, there is still a wide spectrum of features than can
be extracted from the source code and explored to achieve the automatic grading task.
There are some research questions that will be answered during this work:

= What features from source code in terms of syntax, semantic and software metrics are
more useful to give automatic assessment of source code?

= What advantages does an automatic assessment using features extracted from code
itself (like syntax, semantic and software metrics) provide over a binary approach in
the task of automatic assessment?

= How does an automatic assessment based on machine learning and source code analysis
compare to one given by an instructor?
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= How could a source code assessment process be improved by the use of source code
features, source code analysis and machine learning?

1.3. Objectives

The general objective of this work is to develop a method to automatically or semi au-
tomatically assess the source code of the solutions of different programming tasks using
machine learning and source code analysis techniques. To accomplish this general objective,
five specific objectives were defined:

= To adapt an objective evaluation criteria for source code assessment.

= To build a data set composed of source code solutions for different programming pro-
blems and annotate the data set with the evaluation criteria.

» To design or adapt a method for the automatic (or semiautomatic) assessment of source
code.

» To implement the proposed method for the automatic (or semiautomatic) assessment
of source code.

= To evaluate the proposed method over the task of source code assessment.

1.4. Contributions

The main contributions of this work are:

= An early published article on visualization of source code from students, including an
exploration on how to represent it [30].

= A method to include an automatic model in a regular grading academic process for
the assessment of source code of different programming tasks.

= A generic rubric to grade source code that could be used with any type of programming
problems.

» Scrapped submissions from Codeforces' from the first active contest until July 1st
2017.

= A labeled data set using the rubric with submissions selected from Codeforces problems
with the dfs (Depth-first search) and similar tag.

Thttps://codeforces.com/



4 1 Introduction

» A software module in UNCode [27] to manually grade source code based on the pro-
posed rubric (or another one if it is required).

= An exploration of source code representation and features for the task of grading source
code.

= The results of using the proposed model to grade the data set represented with the
explored features.

1.5. Thesis structure

The document is structured as follows: Section 2 describes the related work in the field;
Section 3 describes the methodology used, a description of the proposed rubric, how it
was constructed and the information flow in the proposed solution; Section 4 describes
the experimental evaluation, including the dataset used, the experimental setup and the
discussion of the results. Finally, Section 5 describes the conclusions and future works.



2 Related works

The aim of this chapter is to provide context on the work that has been done in three main
areas: rubrics to grade source code, source code analysis, and automatic assessment of source
code.

2.1. Rubrics to grade source code

Accordingly to [16], in a learning context, a rubric is a detailed description of the most
important aspects a student should accomplish to succeed on their learning, as well as
what an instructor promises to teach students. Besides, they provide the instructors with a
consistent way of measuring the expectations from a learner in a given topic [4] (CARLA -
Center for Advanced Research on Language Acquisition).

Rubrics can be classified in two main categories [4]:

= Holistic rubrics: This kind of rubrics evaluates the overall performance of the learner.
Several quantitative and qualitative aspects are taken into account.

= Analytic rubrics: In this kind of rubrics, the performance of the learner is evaluated in
separate categories and rated individually.

When grading source code, modeled as evaluating an open-response assessment, the problem
of determining how good or how close a given implementation of a problem is from a correct
well known implementation is crucial. According to [1], a rubric is crucial because we are
trying to measure how close a given solution is from a correct solution. A rubric maps the
source code to a given level of expertise, defined by the rubric, of the person solving the
problem. For example, accordingly to [32], a high-level in the rubric could mean the given
source code meets a set of given and well defined criteria on correctness and efficiency, on
the other side, a low level in the rubric could mean the opposite, the solution is far away
from a correct solution.

In [32] a rubric to grade source code is proposed based on deconstructing how an expert
would grade source code. They propose a set of features which, they considered, experts
look for when grading, such as checking basic keywords, variables, logic structures and prin-
ted messages. They propose a rubric that grades in 5 levels, going from gibberish code to a
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Table 2-1: Rubric proposed in Aspiring Minds to grade source code [32].

Level Description

An efficient implementation of the problem
sing the right control structures, data

Completely correct and efficient Hsing .1g ' ) b .u ’

dependencies and consideration of nuances

corner conditions of the logic

Correct control structures and critical data-
Correct with silly errors dependencies incorporated. Some silly
mistakes fail the code to pass test-cases.

Right control structures exist with
Inconsistent logical structures | few/partially correct
data dependencies.

Appropriate keywords and tokens present,
Emerging basic structures showing some understanding of a part of
the problem.

Gibberish Code Seemingly unrelated to the problem at hand.

completely correct and efficient solution, with intermediate stages of emerging basic struc-
tures, inconsistent logical structures, and correct with silly errors. It is mentioned that this
rubric was made to grade code resulting from programming job interviews written in several
programming languages. The proposed rubric is showed in the Table 2-1.

Based on the rubric in the Table 2-1, the work in [5] proposed another similar rubric, but
being more specific in the description of each level and oriented to grade an specific pro-
blem they selected in their work. The aim of this rubric was to grade source code from
programming tasks in academic contexts (programming courses). Beside, they mention that
the rubric was made only to grade source code written in Java. Table 2-2 shows the proposed
rubric.

Some other rubrics were proposed to grade source code in academic contexts but for more
specific tasks. For example, the one proposed in [22] was made to grade Object Oriented
Programming task (OOP), in this case the aim of the rubric was not to grade the source
code itself but several skills a student should have at solving OOP tasks such as design,
construction and testing of the solution. This rubric has several descriptions per skill gra-
ded, each of the descriptions, generally, comes from the disability to even understand the
problem till being capable to solve the task successfully. This rubric was proposed based on
the experience of the instructor on what a OOP task should have.



2.1 Rubrics to grade source code

Table 2-2: Rubric proposed by the authors in [5] to grade Java Source Code.

Level Description

Grade 5 | Perfect solution, conforms to complexity requirements.

Grade 4 Very good solution, but is not Grade 5 because a
minor mistake causes test-cases to fail.

A good algorithmic approach is present but complexity
requirements are violated. Or the solution contains

a mistake that indicates a lower level of understanding
of the language or data structures.

Grade 3 | The presence of this mistake disrupts the otherwise
possibly correct flow of the algorithm.

The fact that the mistake remains in the submitted
code also indicates that the programmer was not able
to properly test the code

The solution contains errors that indicate a misunderstanding
Grade 2
of the problem.

Barely a solution. Incomplete logic or a missing algorithm
structure that could resemble a correct solution approach.
Grade 1 | It could also be a decent starting algorithm structure but
flooded with so many Grade 2 mistakes that the solution

can no longer compete with other Grade 2 solutions.
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Other rubrics proposed also to grade source code from students that where implemented
in courses. For instance, there are rubrics that grades source code in several facets like co-
ding standards, documentation, running time and efficiency, having a grade per graded facet!.

The rubric proposed in [12] has a slight different approach, instead of describing the characte-
ristic a source code should have to deserve a grade, it provides a list of general characteristics,
such as the file extension of the solution or specifics in how to solve the given problem, and
based on how many of those characteristics a source code has, a grade is assigned.

As it has been shown, there are several rubrics proposed to grade source code, going from
only grading how the coder is understanding the problem and implementing the solution or
the source code itself.

2.2. Source code analysis

The applications in education for source code analysis, particularly in the teaching of pro-
gramming have a wide spectrum. Some of them include finding bugs [1], plagiarism detection
[14, 19, 20], duplicates detection [21], source code assessment [25, 8], and providing feedback
[7], among others. The aim of this section is to cover some of these techniques and how
different authors have treated the source code to accomplish these tasks.

Regarding to the source code, authors have used the source code as text or as source-
code itself (raw). Related to use the source code as text, some authors [20, 26, 31, 19] have
extracted features that are commonly used over text such as:

» Difference of length in submissions [20].

» Edit distance (represents each source code as a string and then measure the similarly
of those strings) [20].

» Similarity over comments and string literals [20].
» Tokenization [26, 19].

» N-grams [31].

» Counting characters, words, etc [6].

All of these approaches try to extract knowledge from the source code using it as plain
text using the fact that the source code could have some information regarding of its context

Thttps://coursel.winona.edu/shatfield /air/Computer Programming Tusculum College.doc
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based on the structure and vocabulary used to code it. The authors in [31] use a very common
technique used in Natural Language processing (NLP) such as n-grams over the source code
to try to capture the dependencies that an element in the source code uses prior to its
execution. Altogether, the authors in [20], beside the features extracted from source code
as text, also use lexical features from the source code such as counting blocks of features,
methods, counting constants and variables. They provide a list of 55 features extracted from
source code and divide them in four categories:

= Basic block features: They define a basic block as straight line code sequence with no
branches except the initial and the close ones. They take into account the basic blocks
and the blocks surrounding each block (successors, predecessors, instructions, etc).

» Control flow graph features
= Method features

» Other characteristics: such as counting constants, static and local variables, among
others.

In [6] other lexical features as the average number of parameters and nested loops are ex-
tracted. Beside these features, the authors in [6] also use features extracted from an Abstract
Syntax Tree (AST). For each submission they obtain the AST by parsing the source code,
then, they identify features such as the depth of the tree, the frequency of the leaves in the
AST and frequency of nodes in the AST, among others. Beside the features extracted from
the AST by itself, they also propose to obtain bi-grams from the AST, in addition, they
provide a list of 58 possible nodes types excluding the leaves and then use Term Frequency
Inverse Document Frequency (TF-IDF) to identify rare nodes. They provide a list of 9 fea-
tures extracted from the AST. Other approaches, such as the one proposed in [23] use more

simple features extracted from the AST like counting nodes together with parsing sub-tress
of the AST.

The authors in [19], use statistical techniques from NLP to identify bugs and plagiarism
in source code. Regarding to machine learning models, authors in [6] use a Random Forest
(RF) classifier with 300 trees that, according to the authors, empirically provide the best
trade off between accuracy and processing time to solve the task of de-anonimizing source
code. On the other hand, the author in [20] use a Support Vector Machine (SVM) to solve a
classification task in plagiarism detection. To grade source code, the authors in [32] also use
SVM with lineal and Radial Basis Function (RBF) together with a RF to solve the task.
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2.3. Automatic assessment of source code

There are two ways to perform the automatic source code assessment: dynamic and static.
The dynamic approach implies the execution of the source code, and the static does not [15].
According to [2] there are 8 aspects to take into account when an automatic assessment is
made, among the dynamic analysis: functionality, efficiency, and testing skills; and among
the static analysis: coding style, programming error, software metrics, design, and special
features. Most of the studies focus on dynamic analysis rather than static, program correct-
ness is the most used factor to measure quality in the source code, and black-box testing is
the most popular technique for dynamic testing [29].

Among the dynamic analysis, there is a wide group of tools to automatically grade source co-
de, which are originally intended for programming contests. These tools, denominated online
judges, attempt to grade a programming solution in terms of how well it performs on a set
of test cases for a given problem. Uva Online Judge [28] is one of the most recognized among
them. It was created to help programming contest competitors to improve their skills during
competitions, but with time, people around the world started to use it for personal study.
DOMjugde? is another online judge, it was developed by a community of developers around

the world as an open source project. This online judge was developed to run programming
contests such as ACM-ICPC.

However, most online judges may cause problems with the binary approach of correct or
incorrect feedback. According to [5] the first one is when a solution pass all the test cases
using hard code, which implies no editable data or parameters, and in terms of efficiency and
good practices, this is not desired. The other case is when a source code did not pass the
test cases but for silly errors, but the approach was correct and also the implementation;
this may cause that potential good programmers lose the opportunity when applying to a job.

Regarding how to identify when a coder is solving a problem, we did a previous research
[30] on how to visualise using a graph of the solutions submitted by the students. This may
help to identify groups of solutions that are alike, which can help to the assessment in a way
that an instructor may identify solutions marked as incorrect that are similar to solutions
marked as correct, for example.

Another approach for automatic assessment, included into the static analysis, is to identify
software metrics or features related to grammar or semantic over the source code [33, 14],
and then, measure what those features are saying about the code. In [32], they identify fea-
tures related to the source code as the number of loops, numbers of expressions containing
a not equal, the number of times an operator occurs, among others.

Zhttps://www.domjudge.org/
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Recently, some approaches have intended to perform an automatic assessment oriented to
grading coders that are applying for a job. This with the aim of reducing the time expended
during the hiring, but also increasing the chances of the candidates of getting a job [33].

Qualified® is one of these recent approaches. They use unit tests to validate candidates
code; they also include online interviews, a comparison tool between source code, and a de-
tailed report of submission of the source code including time taken, test results, execution
time, and output of the source code.

Another tool is Mettl?, which not only automatically qualifies source code, but also in-
cludes modules of psychometric and aptitude tests. Related to the source code, this tool
retrieves a report including the numbers of attempts a coder tried to solve a problem, the
time he/she spent and an overall performance of the coder.

Codility® is another web platform built with the intention of fast filtering good candida-
tes in a pool of applicants for a job. As they describe in their web page, during a hiring
process, they noticed that the majority of the programmers they intend to hire were not
able to program and they thought that the ones that were not able to solve a small problem
may not been able to think in a complex distributed web application. In addition, they got
a large amount of applicants in a small amount of time to decide, so they take inspiration in
the Olympiad in informatics and built a web platform to automatically assess source code
from the programmers they were intended to hire.

Another application is the one presented in [33]. They decode the human evaluation pro-
cess extracting meaningful variables from it. They propose a rubric to grade students and
also identify grammar features, data-dependency features, control context features, among
others. Finally, they use simple feature selection and regression techniques, to build an eva-
luation system for testing computer programming skills.

When a programmer is applying to a job, it is indispensable to test his/her skills. Most
of the time the test is made by giving a programming problem to the applicant and then
measuring how good is her/his approach to solve the problems. Nevertheless, it is difficult to
measure objectively how good a person is at programming if there is not a concrete rubric
or a concrete number of features to measure within the source code. In addition, if there are
hundreds of applicants, this could be exhausting and inefficient for the recruiter staff.

3https://qualified.io
4https://mettl.com/
Shttps://codility.com/



12 2 Related works

Giving an automatic assessment to a given source code to distinct good from bad approaches
and its degree of correctness is not only useful in this professional context, but also could be
very useful for instructors and students in the academic context.



3 A method for assessing source code
using machine learning and source
code analysis techniques

The process of grading source code assignments in a programming course, usually works as
described in the Figure 3-1. The process could be divided in 3 steps: the first one (blue)
starts when the instructor provides to the student the statement of a problem to be solved
and the student programs a solution of the problem. The second one (green) happens inside
an online judge, in this step, the student submits her proposed solution to the online judge
for it to be tested against several test cases. This step finishes when the online judge answers
her with a verdict, this verdict could be among the following:

= Accepted: All the test cases passed.
= Wrong Answer: At least one test case did not pass.

= Memory limit: The solution used more memory than the expected one at solving the
problem.

= Time limit: The solution used more time than the expected one at solving the problem.
» Run Time Error: There was a run time error while running the solution.

= Compilation Error: There was a compilation error while executing the solution.

Finally, the third step (orange) is to provide the grade itself, in this case, the grade is binary
depending on the verdict of the judge. The student will obtain a grade depending on the
verdict on the online judge; she can only have a grade different than zero when the online
judge provides the verdict accepted. Any other verdict from the source code is going to be
mapped as a zero grade.

The aim of this work is to modify this process by adding a component before providing the
grade to the student, i.e., a source code rubric and an automatic grader (the green dotted
region at the bottom in Figure 3-1). The motivation is to provide a non-binary grade, but a
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Figure 3-1: Proposed method

grade that has into account information extracted from the source code, from the verdict of
the online judge, and from the test cases used. The proposed approach has two main steps:
a rubric to grade source code and a grader.

The rubric was proposed to have an objective way to grade source code by having a check
list that the source code should fulfill to have a certain grade. The idea is to use this rubric
to grade some source codes made by the students to use these codes as samples of how a
source code, with a given grade, should look like. Moreover, the grader is the component that
receives as input source code graded with the rubric (to be used as training samples), source
code we want to grade and information about it and the verdict. The grader will provide a
grade between 1 and 5 to submissions we want to grade. The proposed step is shown in the
Figure 3-1.

3.1. Source code rubric

The proposed rubric has 5 levels of grading, from grade 1 to grade 5, being 1 considered the
lowest grade and 5 the highest one. The rubric is considering 4 main aspects in the source
code: data structures used in the solution, test cases that each solution passed, how well the
coder understood the problem, and the strategy used to solve the problem.
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Those aspects try to be as general as possible for them to be used to measure the correctness
of a wide amount of different problems. Also, because the rubric is taking into account several
aspects of the source code, it tries to provide to the grader the elements to make a grade as
objective as possible.

3.1.1. Building the rubric

The rubric was built in several stages starting with the 5 levels presented in Table 2-1 as
first stage. The idea was to make the description of each level as clear and independent to
each other to make the grading process as easy as possible for a human grader. To achieve
this, the rubric was used to tag 35 wrong solutions from the dataset in groups of 7 problems
each time. The problems were graded by 3 volunteers, with knowledge in algorithms and
competitive programming. In every stage, it was asked to the volunteers, given the source
code, the description of the problem and a correct solution, to try to classify each solution
in one of the levels in the rubric, subsequently, we asked them to report how easy was to
grade each solution. The reports were used to improve the description of each level in the
rubric. In every stage the grades given to each problem by the volunteers where compared
between them and the reports where shared to ask them if they had suggestions on how to
improve the description of each level or if the description was not clear or was making the
grading process difficult or blurry.

After 5 iterations, the volunteers manifested that to grade a solution was easy and that the
levels were different enough to grade a problem among the levels of the rubric. Even though,
it is worth to say that the volunteers manifested that the levels 3 and 4 were the most difficult
to grade because the grader needs to understand fully the source code, and sometimes they
faced problems as unknown data structures used, different and unusual ways to code and
even the name of the variables name was a problem sometimes because they were confusing
and in other languages.

3.1.2. Levels of the rubric
Level one

The first level tries to identify proposed solutions that could be classified, in general, as
gibberish code. For example, proposed solutions showing no understanding of the problem,
having data structures bad implemented and without logic, but also solutions that could
be source code to solve another problem. This level is considered as the lowest grade in the
rubric. In this level the source code does not pass any of the test cases proposed. Table 3-1
shows the details of the first level of the rubric.
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Table 3-1: Description of the level one in the rubric

Characteristics

Level 1

Data structures

No logic

Test cases

It does not pass any test case

Understanding of the problem It shows not understanding of the problem

Strategy used

It could be a strategy to solve another problem

Table 3-2: Description of the level two in the rubric

Characteristics

Level 2

Level before

It does not contain any characteristic belonging to the level 1

Data structures

It has the right data structures but they are not
well implemented, bad used or they are not coherent

It includes data structures different than the ones
needed to solve the problem. It does not care how those
data structures are implemented

Test cases

It does not pass any test case or passes a minimum amount
of them (e.g., one ore two)

Understanding of the problem

It shows a very basic or almost null understanding
of the problem to be solved

Strategy used

The solution does not use a right approach to solve
the problem. It could have used a brute force solution
or another approach that does not work

There is not a clear purpose in the source code and the
used strategy (i.e., it is difficult to follow the logic
of the source code)

Level two

The second level was made to identify solutions with emerging basic structures and a basic

understanding of the problem. This level includes solutions that do not belong to the first

level because they are, some how, trying to solve the problem, but they are not close to

the correct proposed solution of the problem either. This level is also intended to identify

solutions that are implementing other types of solutions beside the proposed as correct. For

this case, it is understood that other solutions, beside the proposed one, can also lead to

good verdicts from online judges, but we decided not to consider these solutions. For this

level, source code should not have any of the characteristics from the level one. The Table

3-2 shows the second level of the rubric.
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Table 3-3: Description of the level three in the rubric

Characteristics Level 3

It does not contain any item from
the level 2
The right data structures needed to solve the

Level before

Data structures
problem exist and they are well implemented

Test cases It could pass some test cases

It sh tial understandi f
Understanding of the problem SHOWS @ pariial undersianding o
how to solve the problem

Strategy used The strategy used is close to the

one proposed

Level three

The level three of the rubric was made to identify solutions that are halfway to the correct
solution. For this level, a solution should have the right data structures to solve the problem
and they should be well implemented, having into account all the considerations to solve the
problem. Moreover, the source code must show a partial but correct understanding of the
problem. For this level, source code should not have any of the characteristics from the level
two. Table 3-3 shows the characteristics of the level three.

Level four

The level four identifies solutions that are very close to the proposed correct solution. They
show the right data structures and they are well implemented, additionally, the source code
shows a complete understanding of the problem, and the solution is clear, easy to understand
and in line with expectations but it is missing some small details, maybe one iteration more
in a for cycle, a different data type than the expected ones, a wrong evaluation of a condition
in a if statement or a problem with border cases. Table 3-4 shows the characteristics in the
level four.

Level five

This level identifies the solutions that have right, well implemented, control structures, use
the right amount of time to solve the problem and pass all the test cases. This kind of solu-
tions has all the right data type, conditions, right amount of iterations and shows a fully and
complete understood of the problem. Table 3-5 shows the description of the characteristic
of the level five.
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Table 3-4: Description of the level four in the rubric

Characteristics

Level 4

Level before

Not taken into account

Data structures

It has problems with the definition of the
data types, conditionals or number of iterations

Test cases

It passes some test cases

Understanding of the problem

It shows a complete understanding of
how to solve the problem

It does not identify small details who lead to a
not accepted solution(i.e., identify border cases)

Strategy used

The strategy used to solve the problem is clear,

easy to read and according to the expected one

Table 3-5: Description of the level five in the rubric

Characteristics

Level 5

Level before

Not taken into account

Data structures

It does not have any problem with
data types, conditionals, cycles, etc.

Test cases

It passes all test cases

Understanding of the problem

It shows a full understanding of
how to solve the problem

Strategy used

The strategy used to solve the problem is clear,
easy to read and according to the expected oneki
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3.2. Grader

The grading phase has two main steps: the training and the classification. The training pha-
se takes as inputs the source code graded by the instructor using the rubric meanwhile the
classification task only takes the source code as the student made it and some information
the online judge provides about it. This proposal is trying to emulate how a teacher reviews
several solutions of a given problem, trying to understand how the students are solving the
proposed task and later on grade several other proposed solutions.

The inputs of the grader are two: the proposed solutions made by the students to solve the
programming task, some of them graded using the rubric for the training phase and some
of them not graded for the classification task and information related to the programming
task coming from the online judge.

The proposed solutions graded using the rubric are used for the training phase of the model
and they are labeled by hand by the instructor, using her knowledge on how to solve the
problem. She takes into account the required characteristics to belong to each level of the
rubric as described in the Section 3.1.2.

The information extracted from the online judge is related to how many test cases each
solution passed, the amount of memory and time used it used and the language it was writ-
ten on.

Both of the phases, the training and the classification task require the data to be preprocessed
and, right after, a phase of feature extraction, the Sections 3.2.1 and 3.2.2 describe those
processes.

3.2.1. Preprocess of the data

After having the source codes, several processes where applied to them. The first one was to,
using ANTLR! | extract the Abstract Syntax Tree (AST) of every submission. This was ac-
complished using a well known C++14 grammar available in github?. Another process applied
was to tokenize each submission as well using ANTLR. An example of the tokens extracted
for a piece of source code are shown in the Figure 3-2.

In addition, every submission is also operated as plain text, ignoring all the signs (such as
plus, minus, equal signs, etc.) separating words in the source code by under scores or camel

A vparser generator for reading, processing, estructured text or binary files as described in
https://www.antlr.org/
https://github.com/antlr/grammars-v4
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[@@,0:21="#include <iostream.h>\r',<2>,channel=1,1:0]
[@1,25:28="main",<125>,3:0]

#include <iostream.h> [@2,29:29="("',<78>,3:4]

[@3,30:30=")",<795,3:5]

i [@4,33:33="{",<82>,4:0]
S [@5,40:43="cout"',<125>,5:4]
{ " " [@6,45:46="<<"',<105>,5:9]
cout << “"Hello World!™; [@7,48:61=""Hello World!"', <134>,5:12]
return 0; [@8,62:62=";",<1215,5:26]
} [@9,69:74="return",<52>,6:4]

[@10,76:76="0",<126>,6:11]
[@1,77:77=";",<121>,6:12]
[@12,80:80="}",<83>,7:0]
[@13,81:80="<EOF>",<-1>,7:1]

Figure 3-2: An example of a source code (green) and the tokens extracted using ANTLR
(orange)

case given the case.

3.2.2. Feature extraction

Several representations were build from the source code pre-processing:

= A vector of 142 positions with the count of tokens in each submission. Figure 3-3 shows
an example of a histogram of tokens of 451 source code examples solving a punctual
task3. This Figure provides an idea of the tokens used to solve a task tagged as dfs and
similiar. Table 3-6 shows the top 10 of the features that appear in that set of source
code. The tokens are relevant because they give an idea of the variables and structures
used in the source code.

» Features extracted from the AST as shown in Table 3-7. These features are aimed to
extract characteristics from the syntax in the source code.

= N-grams from the AST as a string. This representation was build by creating the AST,
transforming it to a string, and then, building n-grams from it as it was text. The most
(orange) and the less (green) frequent n-grams are showed in the Figure 3-4.

» N-grams using the source code as text.

3.2.3. Training

Once the preprocesing and the feature extraction is done, we can represent every submission
using the the features presented in the Section 3.2.2. For the training, it is required some

3https://codeforces.com/problemset/problem/743/D
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Table 3-6: Top 10 of features appearance in a sample source code

Feature Count
Integerliteral 169
Dot 51
LeftBracket 42
RightBracket 42
LeftBrace 41
RightBrace 41
Mutable 26
ArrowStar 20
Less 16
DotStar 15

Table 3-7: Source code features extracted from the AST

Definition Count | Type
Number of if, -if -else, do, 6 Integer
while, for, switch
Number of literals 1 Integer
Depth of the three 1 Integer
Average of sons in the AST 1 Decimal
Number of nodes 1 Integer
Number if + Number of

1 Ingeter
cycles + 1
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Figure 3-3: Histogram of tokens appearance for 451 samples of source code examples solving

a punctual task

[

(u'llint ) ), 1),
(u'"/proc/self/status""', 1),
(u'point {', 1),

(u'show ( result ) ;', 1),
(u'statement printf', 1),
(u'last , -1 ,", 1),

(u'col = 8', 1),

(u'( ent * ( cnt', 1),

(u') ) ; vector', 1),

(u'struct point', 1),

(u'( unaryoperator +', 1),
(u'int x ;', 1),

(u') 11 ) ) ), 1),

(utef ) ) ) )", 1),
(u'unqualifiedid PI1 ) )', 1),
(u'( unqualifiedid vintée4 ) )',
(u'idexpression ( unqualifiedid
(u'"NO" ; else cout', 1),

(u'[l n*, 1),

(u') ; if ( kaka', 1)]

1),
sieve )', 1),

[(u'( castexpression', 78417),

(u'( idexpression ( unqualifiedid', 78581),
(u'idexpression ( unqualifiedid', 78581),
(u'( idexpression (', 78871),

(u'( idexpression', 78871),
(u'idexpression', 78871),

(u'ldexpression (', 78871),

(u'( ungualifiedid', 78872),
(u'unqualifiedid*, 78872),

(u') (', Be893),

(u'postfixexpression', 184163),
(u'postfixexpression (', 104163),

(u'( postfixexpression', 104163),

(u'( postfixexpression (', 104163),

(u') ) ) ) )', 1172193),

(u') ) ) )", 1311269),

(u') ) )", 1468025),

(u') )", 1629913),

(u'(', 1811298),

(u')', 1811299)]

Figure 3-4: A list of the most frequent (green) n-grams and less frequent (orange) n-grams

for a set of 451 samples of source code solving a punctual task
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examples labeled with the rubric presented in the Section 3.1 for the model to learn how a
solution from a given grade of the rubric should look like. This step tries to mimic the part
of when the teacher understands what the students are doing to solve a problem.

3.2.4. Classification task

The results of the classification task are presented in the Section 4, even though the general
process starts when the model, being trained, receives a non-grade source code, based on
what it has learn, it can classify the given source code as belonging to a grade of the rubric.



4 Experimental evaluation

This section describes the experimental setup, including a description of the dataset, how it
was tagged, a description of the classification models, and how the parameters exploration
was held; also, it presents the experimental results, and finally, the discussion of the results.

4.1. Experimental setup

4.1.1. Dataset

This section describes Codeforces!platform and details of the dataset selection. According
to the founder, Codeforces is a platform to organize, implement and discuss competitive
programming problems based on web 2.0%. Founded in 2010, accordingly their yearly report,
since 2013 is one of the most used platforms in community?®, reporting during 2017 more
than 35,000 active users®.

In the academy, Codeforces has been used as problem and exercise source during program-
ming courses®. Recently, it has been used for source code analysis tasks [34] because of its
variety and availability, and it has an API available to access data about the users, submis-
sions, problems, etc.

Codeforces main structure is as follows: every 3 or 4 days, there is a weekly contest. Every
contest has around 5 or 6 problems, ordered by letters, being the first one the letter A
and the last one the letter E or F. Also, they are ordered by difficulty, being the A the
easiest one in the contest, and the last one the most difficult one. From the very beginning,
Codeforces implemented a ranking for the users based on the amount of points the user has
reached during the contest. Table 4-1 describes the user ranking. A new user start in the
specialist ranking by default, and depending on how many points she wins or losses during
each contest, she will move in the ranking.

Thttp://codeforces.com/

2http://codeforces.com/blog/entry/1

3http:/ /codeforces.com/blog/entry/10148
4http://codeforces.com/blog/entry /56831
https://www2.cs.duke.edu/courses/spring14/compsci309s/syllabus.php
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Table 4-1: User ranking in Codeforces

Raking Points
Newbie 0 to 1199

Pupil 1200 to 1399
Specialist 1400 to 1599
Expert 1600 to 1899
Candidate Master 1900 to 2199
Master 2200 to 2299
International Master 2300 to 2399
Grandmaster 2400 to 2599
International grandmaster | 2600 to 2899

Legendary grandmaster 29004

Usually, the contests have a duration of two hours and a half, and they are divided in two
categories, division 1 and division 2. The division 2 is opened for any user, but the division
1 is only available for users from the expert ranking to the top categories. In consequence,
the problems in the division 2 are easier than the ones in the division 1.

During the contest, when a user tries to solve a problem and submits her proposed solution,
she will get one of following answers (verdicts) from the online judge®:

= Memory limit exceeded
= Time limit exceeded

= Runtime error

= Wrong answer

= [dleness limit exceeded
= Denial of judgement

= Compilation error

= OK

Codeforces implemented a community where the contest are proposed by the users. The
problem setters are in charge of writing the problem statement, the test cases and a tutorial
to help out other users, also to categorize the problem in one or many of the 36 different tags
(types of problems). It is important to remark that the tags are not mutually exclusive and
that the problems could be solved with other techniques different than the ones proposed

Shttp://codeforces.com/blog/entry /4088



26 4 Experimental evaluation

Tag Number of submissions
implementation 9334472
math 4674132
greedy 4241116
brute force 3603542
dp (dynamic programming) 2694351
sortings 2255193
constructive algorithms 2086065
data structures 1870757
strings 1657799
binary search 1616874
dfs (Depth-first search) and similar 1373451

Table 4-2: Number of submissions per tag in Codeforces

by the problem setter, but in general the tags correspond to the solution that should be
implemented by the users to guarantee an OK verdict given the time and memory limits.
The top 11 tags with the most amount of submissions are presented in Table 4-2, Figure
4-1 shows the distribution of problems per tag with increasing order.

The dataset was built with source code submitted to Codeforces, using the API” provided
by the platform and a web scrapper built in python. The submissions and problems were
collected from data available until July 31st 2017. At that moment there were 739 contests,
36 tags and 20,856,931 submissions classified over the mentioned tags.

All the submissions were submitted by users during real contest or simulation of real con-
test. Every submission contains the source code exactly how it was submitted by the user, a
submission ID that identifies every submission as unique, the number of test cases passed,
the memory and time used by the submission, and the verdict given the judge in Codeforces
to the submission.

The scrapping process of the meta data about every submissions, such as the tags, test ca-
ses passed, memory used, time used and user was made using Codeforces API available for
everyone to use and scrap data and Python 2.7. The submissions themselves containing the
source code submitted were scrapped using Python 2.7 and HTTP request to Codeforces
Servers.

The source codes extracted were solutions from several problems in the platform solving an

Thttps://codeforces.com/api/help



27

4.1 Experimental setup

Bl Frequency |

9000000

8000000

7000000

6000000

5000000

4000000

3000000

2000000

1000000

sa|npayss
Wia103y] Japulewal asaulyd
jes-¢
3|pplw-ayi-ul-}saw
smoy
uEmwm Aleuiay

uisied uoissaidxa
sadujew
sbuiyojew ydeib
sa.n3on.3s xiyns bulls
J1anbuod pue apialp
mm_u.___m.mnoa
salwe
|lenads

mw_umn ummto:m
sysewliq
buiysey

nsp

SJLI0JeUIqWIOD
A12woab

sa24

Emm:_on om)

sydeib

Aloayy Jaquinu
Je|iwis pue sjp
yaieas Aieuiq
sbuLis

S24n3onu3s eiep
swiyjobje aARdNIISUOD
spbuiios

dp

22.10J 21N

>_umwu._m 9

yiew
uonejuawsajdu

Figure 4-1: Distribution of the problems per tag
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P
W

Figure 4-2: Distribution of the problems with the tag dfs and similiar

specific type of problems tagged as DFS and similar. The tag dfs and similar was selected for
the dataset because of number of submissions it has and also because the algorithms among
this category, which are typically related to graph searches, have a well defined structure
easy to differentiate among other algorithms.

The dataset contains 650 submissions scrapped from Codeforces.com &, 550 belonging to gra-
des 2, 3 and 4 from the rubric; and 100 belonging to the grade 1 of the rubric. As could be
seen in the Figure 4-2, a big proportion of problems with the tag dfs and similar belongs to
problems type B, C and D, which are problems of medium difficulty based on the experience
of Codeforces contestants. In addition, as mentioned before, some problems could have more
than one tag, it was considered the tags that appear with the dfs and similar. It is noticeable
that the tags that appear with dfs and similar are tags related to graphs searches and type
of graphs. Table 4-3 shows this relation.

As it was showed, Codeforces has several verdicts that could be considered as bad answers.
Among those, the dataset was created using the followings:

= Memory limit exceeded

8http://codeforces.com/blog/entry/1
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Table 4-3: Number of submissions with tag dfs and similar and tags related

Dfs Tag Related Tags | Number of problems
dfs and similar dp 142
dfs and similar graphs 214
dfs and similar trees 202
dfs and similar | dsu (disjoint set) 112

Table 4-4: Proportions of the verdicts per problems

Wrong answer | Time limit | Memory error | Run time
745C* 0,906825 0,0605739 0,0495315 0,205882
764C 0,856973 0,714134 0,107095 0,338235
743D* 0,534421 0,0308183 0,0147256 0,0849673
750D 0,267656 0,443146 0,333333 0,124183

= Time limit exceeded
= Runtime error

= Wrong answer

= OK

During the construction of the rubric, it was noticed that the submissions with the verdict
Compilation error could have content different than source code such as natural language or
a combination between natural language and source code, a different language than the one
specified by the user or any other content submitted that the compiler was not capable to
recognize. Because of this, submissions with this verdict were not included in the dataset.

Among all the problems, 279 had the tag dfs and similar. Because the proportion of wrong
answers verdicts was bigger, the amount of submission per verdicts was normalized by sub-
tracting the maximum amount of submissions per verdict to each number of verdicts and
dividing by the difference between the maximum amount and minimum amount of submis-
sions with that verdict. This created values from 0 to 1 per verdicts among all the considered
problems. After normalization, 2 problems were selected where the difference between the
proportions per verdict were the smallest as possible. Beside this 2 problems, two other pro-
blems, 745C and 743D, were selected because they were used to define the rubric. Table 4-4
shows the proportions of the verdicts per problem.

The 556 submissions belonging to 2, 3 and 4 grades in the rubric were selected randomly
from the problems showed in the Table 4-4. The other 100 belonging to the grade 1 where
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Figure 4-3: An early visualization of the submissions, in green the submissions with tag
math, in blue the submissions with the tag graphs and in in red the submissions
belonging to the tag dfs and similar

took randomly from problems with the tag math. It was decided to select the tag math as
the grade one because of early visualization experiments using a simple representation of
source code such as token counts, showed that the problems with this tag were one of the
most different ones to the tag dfs and similar. Figure 4-3 shows a visualization using a vec-
tor of tokens representations and PCA (Principal Component Analysis) as dimensionality
reduction of 450 submissions, in red 150 belonging to the tag dfs and similar, in blue 150
belonging to the tag graphs and in green 150 belonging to the tag math. It can be seen
that the submissions belonging to the tag dfs and similar and graphs mix together, meanw-
hile the submissions belonging to the tag math are far away from them and grouped together.

Coming up next, the problems with the tag dfs and similar were checked manually to gua-
rantee they fulfill the following criteria:

» Assure they have a suggested solution implementing a graph search like a DF'S (Depth-
first search), BFS(Breadth-first search)or similar.

= Not a too complex solution to make the tagging with the rubric an easier task.

= To have a tutorial or an explanation of the problem in a blog in Codeforces and where
possible, have the code proposed by the author available.

The distribution among the verdicts and problems is showed in the Figure 4-4.
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Figure 4-4: Distribution among the verdicts and problems

4.1.2. Tagging the dataset

The dataset was tagged using the help of a module from a system for learning programming
skills called UNCode [27]. It is based on the grader INGinious [10, 11]. This grader was
developed for both UNCode and the current work. It has a manual grader from where a
rubric could be displayed, as can be seen in the Figure 4-5, it also shows the source code
and information related to it such as the number of test cased passed, memory and time
used by the solution. This module provides an easy and straight forward way to manually
grade source code.

Having all the solutions in the UNCode grader, grouped by the tag in Codeforces, each solu-
tion was checked by hand using the module in UNCode, by two volunteers with knowledge
in algorithms, data structures and the task to grade the solutions based on the rubric. This
tagging process was made once per source code and at the end of the process each of the
solutions have a grade from the rubric. Once the submissions were tagged, they were stored,
as specified in UNCode in a MongoDB, from there the submissions were extracted to be used
in the classification model. Figure 4-6 shows the graphic user interface in UNCode, which
was used to label the dataset.

The tagged source code was classified among grades from 1 to 4 from the rubric. The sub-
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Rubric scoring for Task: warmup

Source Code

Level before

Data structures

Test cases

Understanding of
the problem

Strategy used

Rubric context

Grade 1:

Does not apply.

No logic.

Does not pass any
test case.

It shows not
understanding of
the problem.

Could be a strategy
to solve an other
problem.

Grade 2:

Does not contain ay item belonging to
the level 1.

Has the right data estructures but they
are not well implemented, bad used or
they are not coherent.

Does not pass any test Case or pases
ONE OF TWo maximurm.

It shows a very basic or alomost null
understanding of the problem to be
solved.

The solution does not use a right
approach to solve the problem. Could
have been using brute force or an other
approache that does not work.

Ther is not a clear purpose in the
source code and in the strategy (i.e
difficult to follow).

Grade 3:

Does not contain any item
from the level 2.

The right structures need
to solve the problem exist
and are well implemented.

Could pass some test
Cases.

Shows a partial
understanding of how to
solve the problem.

The strategy used to solve
the problem is close to the
one proposed.

Grade 4:

Does not apply

Has problems with the
definition of the data types,
conditionals or number of
oycles.

Passes some test cases.

Shows a complete
understanding of how to
solve the problem

Does not identify small
details like border cases.

The strategy used to solve the
problem is clear, easy to
follow and according to the

expected..

Grade 5:

Does not apply.

Does not have any prolbme
with data type, conditionals,
cycles, etc.

Passes all test cases.

Shows a full understanding
of how to solve the problem.

The strategy used to solve
the problem is clear, easy to
read and according to the

expected.

Figure 4-5: User interface in UNCode displaying the proposed rubric

missions with a grade 5 were selected from the dataset as ones with an Accepted verdict
from the online judge in Codeforces. Table 4-5 shows the distribution of the submissions per

grade in the rubric.

4.1.3.

Classification models

The classification was held using several classifiers with significant results, such as:

» Support Vector Machine Lineal (SVM L)

» Random Forest (RF)

Table 4-5: Distribution of the submissions per grade tagged in the data set.

Rubric Score

Number of submissions

Grade 1

100

Grade 2

276

Grade 3

217

Grade 4

63

Grade 5

100
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Rubric scoring for Task: warmup

Source Code

Rubric context

Source code of the submission

Programacion de computadores Grupo 5

(ST

- o U

w

10
11
12
13
14

import java.util.*;

public class Main {

static MyBST<Integer> arbol = new MyBST<>();

public static class MyBST<AnyType extends Comparable<? super AnyType=>> {

Linter

private BinaryNode<AnyType> raiz;

private static final int ALLOWED_IMBALANCE = 1;

private static int contador;

private class BinaryNode<AnyType> {

General Information

Author(s) estudiante
Task warmup
Language javad

Submittedon  2019-03-05 16:48:25.153000

Comments

Information Scoring

Memoary not memary () Grade1

() Grade 2
Test Casses no test casses -

(@) Grade 3
Verdict verdict —

( )Graded

</

() Grade 5

</

Data structures well implemented but partial
understanding of the problem

Figure 4-6: User interface

in UNCode used to label the dataset
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Table 4-6: Best value of the parameter C' for every representation

Representation C value | f1-Score
Concatenation -2 0.56
AST + Count Tokens (CNT) -6 0.58
AST Features -4 0.54
Count Tokens -2 0.49
AST as Text -6 0.45

It is worth to say that, during classification models exploration, other models were tested
as well like Decisions trees, MPLClassifiers and Naive bayes. None of them with significant
results.

For each of each of the models, the parameters exploration was made using a 10-fold stratified
per class. To evaluate the results we used the fl-score, precision and recall. The classification
was also made using the representations presented in the Section 3.2.2.

Regarding the Support Vector Machine, the exploration was made over the parameter C
using a combination of several representations. Figure 4-7 shows the exploration of the pa-
rameter C' for each representation. Every dotted line in the graph, shows the results of an
fl-score of each representation. The dots represent the mean value with a given value of C'
and the areas around the lines show the standard deviation. We can see that the AST as
text is the worst representation, the standard deviation is high and the results in terms of
fl-score are the worst ones. On the other side, the concatenation of features works pretty
well, being the concatenation of all features and the concatenation of the features extracted
from the AST, and the count of tokens (CNT) the representations with best results in terms
of fl-score, and in terms of having the smallest standard deviation. Table 4-6 shows the best
value of the parameter C for every representation.

Figure 4-8 shows the exploration of deepness of the tree and number of estimators for the
RF model using a concatenation of all representations as inputs. In addition, Figure 4-9
shows the exploration of same parameters only using the representation extracted from the
AST of the source code. Figure 4-10 uses the parameters extracted from source code as text
such as n-grams.

The best number for estimators using the concatenation of all representations and AST
features was 50, on the other hand, for the features coming from the source code as Text,
the best number of estimators was 100. Regarding the depth of the tree, for the concate-
nation of all representations and text-based features, the best depth of the tree was 28 and
for the features coming from the AST the best results were found with depth of the tree
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Support Vector Machine
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Figure 4-7: SVM L parameters exploration with several representations

Table 4-7: Recap of parameters exploration for RF

being 10. Table 4-7 shows the recap of the best parameters from the exploration with the

RF model.

4.2.

Representation Parameter Best Value
Concatenation of all | Number of estimators 50
representation Depth of the tree 28
AST Number of estimators 50
Depth of the tree 10
Text (n-grams) Number of estimators 100
Depth of the tree 28

Experimental results

This Section shows the results of the classification, it will present the results per model and
per feature. Table 4-8 shows the summary of the classification per different type of source
code representation. As can bee seen the best results were obtained using the concatenation
of features, followed by tokens and n-grams of the source code as text. The following sections
describe in more detailed the results with each of the representations by model.
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Figure 4-8: Random forest parameters exploration with concatenation of all

representations.
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Figure 4-9: Random forest parameters exploration with features extracted from AST
representation.
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Figure 4-10: Random forest parameters exploration with features extracted from the source

code as text.

Table 4-8: Summary of results with the classifiers SVML and Random Forest and several
source code representations.

Model Representation f1 Score | Precision | Recall
Concatenation AST + n grams as text + 0.59 0.59 0.59
tokens count
Tokens count 0.56 0.56 0.59
ML
SV AST Features 0.52 0.59 0.54
N-grams from AST 0.39
N-grams as text 0.37 0.50 0.49
Concatenation AST + n grams as text + 0.58 0.58 0.60
tokens count
Random Forest Tokens count 0.59 0.58 0.61
AST Features 0.51 0.51 0.53
N-grams from AST 0.52
N-grams as text 0.54 0.55 0.56
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4.2.1. Support Vector Machine Lineal (SVML)

Regarding the SVM L, Figures 4-11, 4-12, 4-13, and 4-14 present the confusion matrix
for different source code representations. As seen in the figures, the confusion matrix in the
Figure 4-13 suggest that the worse representation was n-grams from the source code as text,
the model was classifying most of the submissions as grade 2 or grade 1, ignoring all the
other categories. Almost all the submissions were classified as grade 2 and the fl-score was
0.37. By contrast, the best representation by it self was the tokens counting, which is a very
simple and straight forward representation but it seems that for a lineal model it represents
each grade more accurately than others representations. The best results were obtained con-
catenating all the representations.

The normalized confusion matrix in the Figure 4-11 shows the results of the classifica-
tion using the concatenation of all features. It describes a fI score of 0.59, being the grade
1 in the rubric the easiest category to classify. This could be because these problems are the
most different ones, in syntax, of the others because they are describing the solution of a
entire different problem. The accuracy of the classification for this grade was 0.92, in contrast
with the most difficult grade to classify that was the grade 4 only having an accuracy of 0.2.
As seen, as the grade increases in the rubric, the more difficult it is to classify correctly the
submission. Figure 4-12, shows the results classifying the submissions using features extrac-
ted from the AST, in this case, the representations works well classifying grades 1, 2 and
3 with accuracy of 0.8, 0.66 and 0.42 respectively. Figure 4-14 describes the results using
the counting of tokens, which is the simplest representation used. In this case, likewise the
results in the Figure 4-12, the normalized confusion matrix shows that the grades 1, 2 and
3 were easier to classify, but in this case, the grade 4 of the rubric had an small improvement.

It is worth to say that these results where expected as the grade 4 of the rubric was the
most difficult to tag as expressed by the volunteers during the tagging phase. Even so, the
volunteers expressed that it was difficult to differentiate from the grade 3 and the grade 4,
but the results here show that the classifier is miss-classifying the submissions belonging to
the grade 4 as grade 2 with most of the representations(features extracted from the AST,
n-grams and tokens). On the other hand using, while using concatenation of features, the
submissions where equally miss-classified as grade 3 or 4.

4.2.2. Random Forest (RF)

Regarding the Random Forest classifier, as seen in the Table 4-8, the precision, recall and
F'1 score were higher than when using the SVM L classifier. The only representation that did
not outperform the SVML was the concatenation of AST, ngrams as text and tokens count.
In general, as can be seen in the Figures 4-15, 4-17, 4-16 and 4-18, the easiest grade of
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Figure 4-11: SVM L confusion Matrix from the classification using the concatenation of
features extracted from the AST, n-grams as text and token counting.
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Figure 4-13: SVM L confusion Matrix from the classification using n-grams features using
source code as text.
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the rubric to classify was the grade one and the hardest one was the grade 4.

Figure 4-15 shows the results of the classification using the concatenation of all representa-
tions. For this case, the classifier did not perform well classifying the grade 4 of the rubric,
was expected that it miss-classified most of the submissions with grade 4 as grade 3. Even
though, the submissions originally belonging to grade 1 and 2 were very well classified, each
of them with an accuracy of 0.85 and 0.74. Using these representations the classification of
submissions belonging to the grade 3 were almost equally classified as 3 and 2 (0.48 and 0.49
respectively).

In the normalized confusion matrix in Figure 4-16, which describes the classification using
the representation extracted from AST, the results are very similar to the ones described in
the Figure 4-15 in terms of how the classifier behaves but in the confusion matrix described
in 4-15 it has worse performance, miss classifying more submissions belonging to grade 1, 2
and 3. This representation had, overall all the representations the worse f1 score (0.51).

Figure 4-17 describes the results of the classification using the ngrams extracted from the
source code used as text. A remarkable characteristics in the normalized confusion matrix is
that the accuracy per class was very similar and in this case the best results were obtained
for the grade 2 of the rubric instead of the grade 1.

Finally, Figure 4-18 describes the results of the classification using one of the simplest re-
presentations: Token counting. In general, this representation had the best fI score with
the RF classifier. The submissions belonging to the grade 1 and 2 were the most accurate
accepted with 0.9 and 0.75 of accuracy each class. In addition, the submissions belonging to
grade 4 originally were miss-classified mostly as grade 3, as said, which was expected. Even
though, as the other representations, this one also had bad results to classify the grade 4 of
the rubric.

4.2.3. Discussion

In general we can say that the representations of the source code matters a lot in this task
and apparently simple representations can extract useful information to solve this task as
tokens counts. This representation, being one of the simplest, had one of the best results in
both classifiers. In addition, we can also see that when the more information we provide to
the representations, for example concatenation features, we can improve the performance of
the classifiers. Even though, we must be careful, because some features could also add noise,
as can be seen in Table 4-8 where the concatenation of features had an slightly less f1 score
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at solving the task.

Simple representations such as counting tokens are giving good results because they are
identifying emerging basic structures such as counting expressions and variables declared,
but also they are identifying control structures such as if-else statements, else, while, etc,
and data structures like vectors, queues and stacks which are very meaningful for the dfs and
similar kind of problems. Other representations, such as n-grams, try to identify the whole
context of where every n-gram appears in the source code, this could be meaningful for the
classifier, but as seen in Table 4-8 they do not perform very well by their own, especially
when simple classifiers such as the SVM L are used. For both classifiers, concatenation of
features and tokens counting had better results than the other representations.

The n-grams from the AST representation were expected to have better results, because
it was going over the AST, which represents the syntax of the source code, and extracts the
context of the components of the AST directly, even though the results were not as good as
expected. This could be because the sense of depth of the tree was lost during the parsing
because all the AST was treated as a long string. This representation and the n-grams from
the source code as text had the worst fI score.

Related to the rubric, in section four we saw that there are some grades easier to classify
than others. On the first hand, during the dataset-tagging phase, the volunteers expressed
that while having the description in the rubric, identifying a source code that belongs to the
grade one, two and three was very easy (specially the one and two). They expressed that the
rubric was accurately describing each grade and the characteristics exposed where very easy
to identify. Even though, they expressed that it was very difficult to identify submissions
belonging to the grade 4 of the rubric because this grade was describing very small details
that sometimes were hard to notice. We saw this behaviour reflected in the classification, for
both classifiers, as can be seen in the Figure 4-11 and 4-15, the grade one and two were very
well classified in the correct grade (f7 score values among 0.74 to 0.92 ), the submissions
belonging to the grade three were more or less well classified (fI score values among 0.48
and 0.50) and the grade four was poorly classified, with values of the f1 score smaller than
0.2. It makes sense that the grade one of the rubric was very well classified because the
submissions tagged with that label were not solving a dfs and similar kind of problem and
the representations must have been reflected that. An example of this can be seen in the
Figure 4-3.



5 Conclusions and Future Work

5.1. Conclusions

In this work we made several contributions to the automatic grading of source code. We
made an exploration of how to visualize submissions of the students to a given task to help
the teacher understand how the students are solving a problem [30]. We also proposed a
method to include a model of automatic grading in a regular grading process, this model
includes a rubric to grade source code, the exploration of several features to represent source
code, the implementation of several machine learning classifiers to accomplish the grading
task and the results of the classification task testing the model with a built data set.

A rubric is a very useful resource to help out an instructor to identify what grade a source
code should have following a few well defined characteristics. This, by itself, is a signifi-
cant help on trying to grade source code because it reduces the task of identifying possible
problems during the resolution of a programming problem. Some benefits of this rubric is
that it could be applied in general for different type or problems, not only the one used in
the task we solved. It takes into account not only the data structures and understanding of
the problem during solving the task but also the test cases, giving the chance to take into
account a online judge if it is used and the strategy used to solve the problem.

The building of the data set graded with the rubric was a very time-consuming task, it
implied obtaining the submissions by scrapping a well known online judge, filtering them
and the revision of each submission by hand to decide whether if it belonged to a level of
the rubric of an other. With the help of the module in UNCode we made this process easier,
faster and user friendly. It is recommended to use data from courses where the instructor
has a better understanding of the task that the students are solving or using any sort of un-
supervised technique to filter out the submissions and help on the data set labeling. Another
recommendations would be using crowd-sourcing web pages to do this tagging with the help
of more volunteers all over the web.

Our approach graded with accuracy the submissions that belonged to the grade one and two
and was having good results on identifying solutions that were half way of a correct solution
(level three). The submissions that were very close to correct solutions were very difficult to
identify, this was the worse level classified. Even though, based on our results, there is still a
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long journey to actually do all the process automatically for all the levels of problems and in
a general way, nevertheless providing a way for the instructors to save time identifying the
worse implemented solutions comes very handy for a very common type of problems such as
dfs and similar. 1t is worth to say that this task is very hard to solve in a general way, not
only for the data set, but also for the wide amount of features that could be extracted from
the source code, we presented the results of our model as a first approach on how to solve
it. Even though, seen from the perspective of an instructor, the level one and two from the
proposed rubric were describing the submissions that had the more different type of solution
than the expected one, meanwhile the level three was identifying solutions that somehow
were half way between a correct/expected solution. Identifying solutions belonging to the
level one and two very accurately could help the instructor to filter out the submissions and
focus of the problems that the students are actually having. On the other hand, identifying
solutions that are halfway could be helpful because the instructor must provide a different
type of feedback to these students because somehow, they are closer to a correct solution.

Talking about the source code analysis by itself, we explored different representations and
features specially from the syntax and lexical aspects. We had very good F'I scores with very
simple representations such a tokens counting, on the other hand, representations that were
more related to the syntax, extracted from the AST, such as identifying cycles, variables
and control structures were not as accurate as expected. In addition, we approached the
source code analysis also treating the source code as text, there we explored well known text
representation such an N-grams. Nevertheless, was the concatenation of all representations
the one with best results, this might imply that both, the syntax and the textual features
provide useful information about the source code to solve this task, but the syntax plays a
bigger role in the task.

To conclude, we provided a model, using machine learning techniques, that can be useful for
instructors in terms on reducing time when grading source code by identifying accurately
the students that are struggling the most on solving a task, this could reflect directly on the
feedback that the students receive from the instructor. In addition we also provided insights
on which source code features could be useful to solve this task.

5.2. Future Work

An immediate future task that could extend this work is to explore other ways to represent
source code to try to extract more information from the submissions belonging to the level
4 of the rubric in order to get perform better at classifying this label. Also, it is necessary
to try to other classification models different than SVM and RF. Other features that could
be explored may include more syntax analysis over the source code.
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Another task that could extend this work is to explore how to use the proposed rubric in
other type of problems different than dfs and similar ones. This task may imply a complete
different dataset, models and features. The submissions could not only belong to Codeforces,
but also from other Online judges, coding interviews and programming courses.

To use the proposed model in another dataset, there might be a difficulty regarding to the
dataset itself: the tagging phase was a very extenuating and long process because it has to be
made by hand. A task that could have helped this procedure could be using a non supervised
technique to filter out some submissions and make easier and faster the tagging process.
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