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Abstract. Many universities have started to adopt online programming
tools to support students’ programming practice, yet the services cur-
rently offered by the existing tools are somewhat passive with respect to
considering a student’s programming skill level and providing appropri-
ate code questions. To enhance students’ learning experience and improve
their programming skills, it would be helpful to examine students’ pro-
gramming abilities and provide them with the most suitable code ques-
tions and guidelines. Machine learning can play a role in modeling the
level of students’ programming skills as well as the difficulty of questions
by taking the students’ programming experience and code submissions
into account. This paper presents a study on the development of machine
learning models to classify the levels of students’ programming skills and
those of programming questions, based on the data of students’ code sub-
missions. We extracted a total of 197 features of code quality, code read-
ability and system time. We used those features to build classification
models. The model for the student level (four classes) and the question
level (five classes) yielded 0.60 and 0.82 F1-scores, respectively, showing
reasonable classification performance. We discuss our study highlights
and their implications, such as group and question matching based on
code submissions and user experience improvement.
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1 Introduction

The popularity of programming continues to rise. The importance of program-
ming education to help with mathematical and logical thinking has been empha-
sized around the world, and there have been many educational efforts to cultivate
talented programmers at the national level. For example, the United States has
adopted programming as a subject of formal education in many public schools,
including those in Florida, Arkansas and California1. In Finland, programming
1 https://advocacy.code.org/.
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education has been mandatory for elementary school students since 2016 [3].
India has designated software education as an elementary, middle and high school
requirement since 2010. The demand for skilled programmers is high. Not only
IT companies but also companies in various fields such as finance, biotechnol-
ogy, health care, manufacturing and distribution are actively recruiting talented
software engineers. The demand for fostering students into good programmers
at the university level is similarly high as well.

Despite high popularity, expectations and demands, many students majored
or minoring in computer science or engineering, as well as those from other
departments (e.g., humanities) who want to learn programming, are struggling
in programming classes. According to Bennedsen and Caspersen’s research [2],
the average failure rate of students taking CS1 (“Introduction to computer pro-
gramming”) in 2017 was 28%. Similarly, Watson and Li’s article about failure
statistics reported the average failure rate of CS1 at 33.3% [8]. These results
indicate that almost one third of students fail the introductory course. This
problem is also reflected in the high dropout rate of students majoring in com-
puter science. The Higher Education Statistics Agency (HESA) indicated that
the percentage of dropouts from the computer science major was 9.8% during
the 2016–17 academic year, which is greater than that of other majors such as
business and administration (7.4%) or engineering and technology (7.2%)2.

To mitigate such challenges, universities have been making many efforts such
as expanding and strengthening programming practice and providing online or
video-recorded lectures, etc. In particular, many universities have adopted an
online programming support tool that may be used in classrooms, or available
to students individually to assist them with their programming practice. To
name a few of the anticipated benefits, it is expected that students can use the
programming tool to access many step-by-step, thematic programming questions
and improve their programming skills by evaluating their submitted code (e.g.,
LeetCode3, Baekjoon4, Exercism5).

Despite many advances and the expanding roles of programming support
tools, our review on the current tools indicates that the services presently being
offered are somewhat passive for learners; code questions are provided in a sim-
ple list by theme, and learners (randomly) select the desired questions from each
topic to solve the problem. Many of the tools are designed to support students
who want to participate in coding competitions (e.g., ICPC by ACM) and pre-
pare for job interviews, which may not (yet) be the objective of students who
are new to programming (e.g., freshmen, students from non-computer science
departments) and who need more programming guidelines. This means that
the service of providing learner-customized questions through the analysis of
the learner’s code submissions does not seem well supported or explicitly high-
lighted in the current tools. We believe that artificial intelligence (machine/deep

2 https://bit.ly/37izVmz.
3 https://leetcode.com/.
4 https://www.acmicpc.net/.
5 https://exercism.io/.
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learning) technology can play a role in modeling a learner’s programming skill
level and providing a better learning environment; however, based on our review,
research on the possibility and specific applications of machine/deep learning in
the context of programming learning has not been extensively conducted to date.

The purpose of our research is to increase the effectiveness of learning by
providing learners with the most suitable questions based on large-scale data
of code submissions. In this paper, we present a study on the development of
machine learning models to classify levels of programming skills and those of
question levels, based on the code data submitted by college students using a
cloud web, IDE-based programming learning tool6. For two semesters (around
8 months in total), we collected data (2574 code submissions) from 644 stu-
dents (302 freshmen, 219 sophomores, 86 juniors and 37 seniors) in the seven
“Introduction to Computer Programming” and three “Data Structures” classes.
We extracted a total of 197 features based on code quality and code readability,
which are essential aspects of the code, and system time-related features. We
used the features to build the classification models. As a result, the classification
models yielded 0.60 and 0.84 f1-scores for the user-level and the question-level
classification, respectively. The performance seems reasonable and also suggests
room for improvement and opportunities (e.g., peer and question matching) in
the future.

Our study highlights the possibility of classifying the level of learners and
questions through code analysis. This is meaningful in that learners can be
assigned to learning groups whose members have similar programming skills,
and be provided with the most necessary questions using a recommendation
approach. Depending the learner’s performance, he/she can move up or down
to another level and access the most suitable questions. Thus, it is expected
that learners will experience a better environment for conducting programming
exercises and improving their programming skills. Unlike existing measurement
studies [7,9], our measurement framework brings new opportunities for data
analysis to the fields of educational data mining and learning analytics [5].

2 Feature Extraction

2.1 Code Quality Features

To capture code quality (185 features in total), we used two measurements:
OCLint7 and C-Quality Metrics8. First, OCLint is a static code analysis tool for
C, C++, and Objective-C codes that looks for the following potential problems:
possible bugs, unused code, complicated code, redundant code, etc. It relies on
the abstract syntax tree of the source code for better accuracy and efficiency.
Second, C-Quality Metrics [6] reads the code from its standard input and prints
on its standard output a single line with features including size, complexity, used

6 http://calmsw.com/.
7 http://oclint.org/.
8 https://github.com/dspinellis/cqmetrics.
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Fig. 1. Software used for data collection

keywords, comments and documentation, use of the C preprocessor and observed
formatting style (e.g., number of lines, empty lines, functions, specific keywords,
declarations and many occurrence cases) (Fig. 1).

2.2 Code Readability Features

We used an Automatic Readability Checker9 that takes a code sample and cal-
culates the number of sentences, words, syllables and characters. The checker
plugs these numbers into the following nine popular readability formulas: Flesch
Reading Ease formula, Flesch-Kincaid Grade Level, Fog Scale, SMOG Index,
Coleman-Liau Index, Dale Chall, Spache, Automated Readability Index and
Linsear Write Formula.

2.3 System Time Features

Our programming tool provides the following three types of information that we
used as the system features: minimum/maximum/average execution times.

2.4 Target Variable

We considered two target variables – user level and question level – in this
study. The user level was determined based on student grade (from freshman
to senior), meaning that students in a higher grade are more likely to have
more programming experience and skill, which will be reflected in their codes.
Our correlation analysis between student grade and score in our sample showed
positive results (r = 0.10, p < 0.05), thus our assumption is valid. The number of
samples in each class was as follows: freshmen (302), sophomores (219), juniors

9 More information about each formula is explained at https://bit.ly/2viSaen.
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(86) and seniors (37). The question level was determined based on the average
score of the question, meaning that students are likely to have lower scores if
the question is difficult. Given that the range of the score is from 0 to 100, we
divided the score into five sections (by 20) and used these sections as the target
variables. The number of samples in each class was as follows: scores between
0–20 (485), 20–40 (879), 40–60 (577), 60–80 (369), and 80–100 (264).

3 Model Development and Performance

3.1 Code Cleaning

When students use the system, each question is presented with a pre-defined code
template; it asks the students to type the essential code to run the program and
see the score for their submission. Students do not have to use the template.
They can clean the template and start programming from scratch.

We found that most students actually kept the template and added their
code. The problem here is that even if a student submits only a template code,
the features of that code will be calculated and can be used for modeling. There-
fore, in order to more accurately apply code quality and readability to model
development, we removed the submission samples that only had the template
code based on cosine-similarity between the sample and the template. Based on
our qualitative analysis, scores above 0.95 indicate that the submission and the
template are almost identical. We thus removed the corresponding submissions
and had 2574 submissions for the analysis.

3.2 Model Development Procedure

We developed two models that classify (1) the level of a student’s program-
ming and (2) the difficulty of a programming question. We normalized all of the
features through a min-max normalization.

We used LightGBM (Gradient Boosting Model) as a model algorithm [4].
LightGBM is a gradient boosting framework that uses tree based learning algo-
rithms, designed to be distributed and efficient with several advantages, such as
faster training speed and higher efficiency, lower memory usage, better accuracy,
and the capacity to handle large-scale data. We prepared 60% of the data as the
training data, 20% as the validation data, and 20% as the test data. We applied
10-fold cross-validation. Note that our intention in conducting this research was
to assess the feasibility of classifying user levels and question levels based on
the quality and readability of the code, not to achieve the best performance of
the model through a rigorous model comparison analysis. We consider the latter
objective to be the subject of future studies.

3.3 Model Performance

Table 1 shows the overall performance of the model. In addition to accuracy
as a metric, because the sample sizes of each class were unbalanced, we used
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Table 1. Model performance results

User level (4 classes) Question level (5 classes)

F1-score 0.60 0.82

Accuracy 0.64 0.83

F1-score. The model yielded 0.60 and 0.82 F1-score (0.64 and 0.83 accuracy) for
classifying user level and question level, respectively. These findings indicate the
feasibility of using code quality and readability to assess a learner’s skill level in
programming and the difficulty of the question.

It appears that identifying user level is a bit challenging. As we looked more
deeply into our sample data, we found some cases in which some freshmen had
high test scores while some juniors and seniors had relatively lower test scores,
which can be easily explained in many real scenarios. On the other hand, classi-
fying question level yielded reasonably good results. This further means that the
level of a learner’s submitted codes can be measured and assigned to a proper
group of code questions. Then the learner can be provided with questions that
are more relevant to his/her learning and any related programming materials
(e.g., related data structure algorithms, sample codes) can be provided, increas-
ing user experience in learning.
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Fig. 2. Feature importance for the user level and the question level

3.4 Feature Importance

We measured the importance of the features to see how much influence the three
main feature groups – code quality, code readability and system time – had in
model performance. Figure 2 illustrates the top ten features for the user and
the question levels. The results indicate that the quality and readability groups
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influenced the model performance quite evenly. The system time features were
not included in the list. Readability features, some of them are length-related
(e.g., line length, identifier length), tended to highly influence the user level,
while those related to identifiers highly influenced the question level. Quality
features for the user and question levels were quite overlapped; these included
Dale Chall, Spache, Coleman-Liau and ARI. We paid close attention to the fact
that many readability features are length-related. This indicates that the basic
programming rules (e.g., not having long lines of code) do not seem to be well
followed by many students; such programming practices could be addressed by
providing learners with proper feedback.

4 Discussion and Conclusion

Our study demonstrates the possibility of classifying the level of learners and
questions through code analysis with machine learning. The model could be
improved by collecting more samples (e.g., programming submissions, diverse
classes from multiple departments), building more complex models (e.g., multi-
modal models, sequence-based deep learning), applying additional features (e.g.,
code2vec [1]), having additional important target variables, etc.

Our study insights are meaningful in that through the use of the classifica-
tion model, learners can be assigned to learner groups based on programming
skills and be provided with the most suitable programming questions through
a recommendation technique. Depending on their programming performance,
learners can move up or down to another level and be provided with questions
appropriate to each level. Through this process, it is expected that learners can
experience a better environment for engaging in programming exercise, improve
their programming skills and possibly contribute their experience to helping
other learners and peers.
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