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The demand for skilled programmers and the increasing complexity of coding skills have led to a rise in 
the adoption of artificial intelligence (AI) and machine learning (ML) technologies in computer programming 
education. Previous research has explored the potential of AI in aspects such as grading assignments, generating 
feedback, detecting plagiarism, and identifying at-risk students, but there is a lack of systematic reviews 
focused on AI-powered teaching processes in computer programming classes. To provide a more comprehensive 
understanding of AI and ML’s role in computer programming education, this systematic review examines a wider 
range of applications across the entire pedagogical process. Analyzing 119 relevant research papers published 
between 2012 and 2024, this review offers an overview of AI and ML tools and techniques used in various 
educational contexts. Aligned with instructional design models, the reviewed literature is categorized into four 
key areas: course design, classroom implementation, assessment and feedback, and performance monitoring. This 
systematic review not only highlights the practical tools available to instructors but also identifies research trends 
and potential areas for future exploration in the field of computer programming education.

1. Introduction

While computer programming is one of the foundational skills in sev
eral disciplines, many learners find the subject challenging. Challenges 
faced in introductory programming courses come from several angles: 
nature of programming language, students, and instructors (Kadar et al., 
2021). While the standardization of curriculum and adoption of pro
gramming languages with simple syntax can facilitate the process of 
acquiring programming knowledge, appropriate design of assessment 
rubrics for novice programmers also plays a crucial role in ensuring that 
students not only produce functionally correct code but also adhere to 
appropriate code conventions (Mehmood et al., 2020).

Artificial Intelligence (AI) refers to the reproduction of human be
haviors and human intelligence, such as perceiving, learning, and pre
dicting, in a system or a machine (Xu et al., 2021). The education sector 
has been exploring the integration of AI technologies in performing ad
ministrative tasks, assisting instructional duties, and enhancing learning 
(Chen et al., 2020). Machine Learning (ML), a subfield of AI, inher
ently differs from rule-based AI that requires explicit programming. By 
developing appropriate statistical models and algorithms, ML allows ma
chines to learn from data and provide predictions or outcomes for new 
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data points using the knowledge from historical data. Specifically in the 
field of education research, Educational Data Mining (EDM) and Learn
ing Analytics (LA) have exhibited significant progress from AI and ML 
technologies. EDM focuses on the investigation and exploration of edu
cational data to create an understanding of students and their learning 
environment (Baker & Yacef, 2009). Although LA also employs similar 
techniques used in EDM, it is more learner-focused as it aims to im
prove learning through data discovery (Clow, 2013). As Deep Learning 
(DL) has gained more attention due to advancement in computational 
capacity, such a technology has been utilized in recent EDM in sev
eral tasks such as natural language processing and image recognition 
(Hernández-Blanco et al., 2019). Similarly, Kurilovas (2019) has pro
posed an ML-based approach to personalized learning in virtual learning 
environments.

Considerable research has been conducted regarding the applications 
of AI and ML in teaching computer programming courses in universi
ties. Examples of areas where ML can be implemented in the teaching 
of computer programming courses are assignment grading (Srikant & 
Aggarwal, 2014; Rezende Souza et al., 2019; Uchiyama et al., 2014; 
Takhar & Aggarwal, 2019; Singh et al., 2016), feedback generation 
(Beck et al., 2018; Wang, 2023; Hoq et al., 2024), plagiarism detection 
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(Hoq et al., 2024; Yasaswi et al., 2017), and at-risk student identifi
cation (Jamjoom et al., 2021; Liao et al., 2019; Skalka & Drlik, 2020; 
Veerasamy et al., 2021a). With a high number of students enrolled in 
computer programming courses, manual assessment of source code be
comes a major workload for instructors and teaching assistants. This 
situation also stems from a lack of personalized and meaningful feedback 
to students, which can discourage them from revising their understand
ing of programming concepts. Some students may resort to submitting 
plagiarized work instead of learning to solve the problem on their own, 
further hindering their knowledge and skills. As a result, early identifica
tion of low-performing students can help instructors provide additional 
support to students in need before the end of the semester. Several ML
based solutions have been studied and proposed to tackle these issues 
in university computer programming courses.

Although there were past review papers on similar topics, they fo
cused on particular tasks in the teaching process. For instance, Kuruppu 
et al. (2021), Tharmaseelan et al. (2021), and Combéfis (2022) explored 
the advancement of automated source code assessment in computer pro
gramming courses to streamline grading assignment tasks which require 
a significant amount of time and effort from instructors. Another area 
where AI and ML were utilized is feedback generation. Feedback plays 
an integral part in students’ learning journey as it identifies how stu
dents can improve from their mistakes. While these tools leverage both 
dynamic assessment and static assessment, the generated feedback is 
not diverse, restricting the way students solve the problems (Keuning et 
al., 2016). Besides the limited scope of the past studies, the narrative 
of the past reviews heavily focused on researchers’ perspectives, plac
ing less emphasis on the views of instructors. Notably, previous studies 
have not adequately highlighted the potential benefits of AI and ML 
techniques in the classroom �- a crucial consideration for instructors 
deciding whether to adopt these technologies. While the contributions 
of these reviews were significant in the field, an end-to-end understand
ing of the utilization of AI and ML in computer programming courses 
can provide a complete perspective for not only instructors who aim to 
apply AI technologies in their classrooms but also researchers who in
tend to broaden the capacity of AI and ML in computer programming 
education research. Hence, this review will explore the current frontier 
of AI and ML in computer programming education, aiming to provide 
valuable insights for both researchers and instructors.

The objective of this systematic literature review is to consolidate 
recent research appertaining the utilization of AI and ML technologies 
in enhancing the teaching process of computer programming courses 
in higher education through the standard systematic literature review 
methodology. This systematic review aims to examine how computer 
programming education research has been utilizing AI and ML in their 
literature, covering the entire teaching process from constructing mate
rials to monitoring learners’ performance. This review is structured as 
follows. Section 2 describes the review methodology, including research 
questions, search string specifications, and inclusion and exclusion cri
teria. Section 3 explores the overall demographic of the chosen articles. 
Section 4 presents a comparative discussion on selected papers in dif
ferent teaching processes. Section 5 addresses the research questions 
through analysis derived from the systematic review. Lastly, Section 6
summarizes this systematic review article and provides directions for 
future research.

2. Review methodology

This systematic literature review follows the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) methods 
(Page et al., 2021). The process starts with defining the research ques
tions. Next, a search strategy is developed, which includes selecting 
databases, identifying search keywords, and filtering the papers that 
match these keywords using specific inclusion and exclusion criteria. 
The final step involves analyzing all selected articles based on their ob
jectives, methodologies, strengths, and limitations.

Based on the objective of this study, four research questions are 
raised:

RQ1. Which areas of AI and ML can be used to augment the teaching 
and learning process in computer programming courses in higher 
education?

RQ2. What applications do AI and ML take in each teaching process of 
computer programming courses in higher education?

RQ3. Which AI and ML techniques were used in teaching computer pro
gramming courses in higher education?

RQ4. What benefits can AI and ML offer to both teachers and students 
in computer programming courses in higher education?

2.1. Search strategy

While it is important to consider both teachers and students in the 
discussion of technological tools for the classrooms, this paper intends 
to capture advancements and tools aiming to enhance teacher capabil
ities in their classrooms, i.e., focusing on the teaching process instead 
of the teaching and learning process. In the field of instructional de
sign (ID), there are several models and frameworks proposed to aid the 
teachers in developing curriculum and courses. Among these models, 
ADDIE was frequently used in past literature because it offers instruc
tors flexibility in the instructional design task (Bond & Dirkin, 2020; 
Stefaniak & Xu, 2020). Although the ADDIE model was proposed in the 
1960s (An, 2020), its popularity in the literature reflects the benefits 
of the model in the education research, especially instructional design. 
Nevertheless, this does not mean that other instructional design mod
els and frameworks are not suitable for this task. Rather, the instructors 
have to choose the most appropriate model or framework for their sit
uation. To reflect this proposition, this study intends to be agnostic of 
specific instructional design models and frameworks, while maintain
ing the dynamic of the ADDIE model. Specifically, this study divides 
the teaching process of computer programming courses into four cate
gories: course design, classroom implementation, assessment and feed
back, and performance monitoring. The course design category concerns 
the development of curriculum, learning objectives, learning activities, 
and assessment rubrics. The classroom implementation category covers 
the execution of teaching strategy, content delivery, classroom manage
ment, and other activities related to classroom activities. The assessment 
and feedback category focuses on the assessment of students’ ability and 
knowledge through exercises, assignments, labs, exams, etc. Lastly, the 
performance monitoring category pertains to the monitoring of students’ 
behavior and progress throughout the course. Although the assessment 
and feedback category and the performance monitoring category often 
falls under the evaluation process in the instructional design models, 
e.g., the ADDIE model, this study makes distinction between these two 
categories by the nature of the task. While the assessment and feedback 
category concerns tasks that occur at discrete intervals, tasks in the per
formance monitoring category involve continuous actions that provide 
ongoing insights into students’ progress and performance throughout 
the course duration.

After the initial identification of literature for each teaching pro
cess, the course design was removed from the keyword search due to a 
lack of sufficient relevant research. With recent advancements in Large 
Language Model (LLM), recent studies have attempted to explore its 
application in educational settings (Rahman & Watanobe, 2023; Dos 
Santos & Cury, 2023). Nevertheless, the number of literature in this 
specific area is limited since the applications of LLMs in education only 
recently emerged around two years ago after the launch of chatGPT. 
Discussion of relevant research on course design will be covered briefly 
in Section 4.2.1 for the comprehensiveness of this systematic review.

Search queries for classroom implementation, assessment and feed
back, and performance monitoring were developed and used to retrieve 
the initial set of literature from the SCOPUS, ACM, and IEEE Xplore 
libraries. Search queries were designed to capture four key elements ac
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Table 1
Search queries used to retrieve literature on different teaching processes.

Teaching Process Search Query

Classroom Implementation (programming OR code OR coding OR ``computer science'' OR ``computer 
programming'') AND (ai OR ``artificial intelligence'' OR ml OR ``machine 
learning'' OR supervised OR unsupervised OR ``deep learning'' OR 
“reinforcement learning'' OR ``data mining'' OR classification OR classifier OR 
prediction OR predict OR learning) AND (course OR education OR class OR 
classroom OR university OR college) AND (gamif* OR personali* OR adaptive 
OR recommend* OR interactive OR tal OR ``technology assisted learning'') AND 
(improve OR improving OR improved OR enhanc*)

Assessment and Feedback (programming OR code OR coding OR ``computer science'' OR ``computer 
programming'') AND (ai OR ``artificial intelligence'' OR ml OR ``machine 
learning'' OR supervised OR unsupervised OR ``deep learning'' OR 
“reinforcement learning'' OR ``data mining'' OR classification OR classifier OR 
prediction OR predict OR learning) AND (course OR education OR class OR 
classroom OR university OR college) AND automat* AND (assess* OR 
evaluation OR grade OR grading OR mark* OR feedback OR hint) AND 
(exercise OR assignment OR ``source code'')

Performance Monitoring (programming OR code OR coding OR ``computer science'' OR ``computer 
programming'') AND (ai OR ``artificial intelligence'' OR ml OR ``machine 
learning'' OR supervised OR unsupervised OR ``deep learning'' OR 
“reinforcement learning'' OR ``data mining'' OR classification OR classifier OR 
prediction OR predict OR learning) AND (course OR education OR class OR 
classroom OR university OR college) AND (student AND (perform* OR ``learning 
outcome'') AND (predict OR prediction OR predicting OR identify OR 
identification OR identifying OR monitor OR monitoring))

cording to the objective of this article, namely computer programming, 
artificial intelligence and machine learning, education, and keywords 
specific to each teaching process. With this design, search queries across 
the teaching process were similar except for their specific keywords. Ta
ble 1 provides full search queries used in this study.

2.2. Selection method

This study limited the review of scholarly articles to journal and con
ference articles that were written in English and published after 2010. 
Review papers, posters, abstracts, extended abstracts, and visionary pa
pers were excluded from this study. Recall that this study aims to cover 
a consolidated perspective on the utilization of AI and ML technologies 
in augmenting the teaching process of computer programming courses 
in higher education. This raises the necessity to examine only articles 
that explore computational intelligent technologies to enhance and fa
cilitate teaching computer programming at university levels in at least 
one of the teaching processes. Furthermore, articles that only concerned 
the evaluation of existing software and programs were also excluded.

Keyword-matched literature from the previous stage was manually 
validated for inclusion in the next review processes. Retrieved articles 
were first screened by their title, retaining those papers relevant to the 
field of AI and computer science education in higher education and ex
cluding those that were not. Moreover, papers shorter than four pages 
were also excluded.

The remaining papers then underwent an additional round of screen
ing based on their abstract content, ensuring relevance and, therefore, 
their inclusion in the review. While the title screening process aims to 
maintain recall and remove literature that is clearly unrelated to the 
scope of this review, there is also a possibility of false positives in the 
retrieved papers. Such research may discuss AI or ML and computer sci
ence education components but does not exhibit the utilization of AI and 
ML in enhancing the teaching process of computer science education.

After the abstract screening, only those papers that addressed the ap
plications of AI and ML in augmenting the teaching of computer science 
in higher education were retained for further review. In-dept reviews 
and comparative analysis will be conducted on these articles that passed 
both title screening and abstract screening processes. Table 2 provides 
the full list of inclusion criteria and exclusion criteria used in this re
view.

3. Selection results

Fig. 1 displays the number of articles in each screening stage. The 
figure was produced by Haddaway et al. (2022).

The search string constructed in section 2.1 was queried on 9 April 
2024. The databases returned 3,050 scholarly articles. 163 duplicates 
were removed from the search results. During the title and abstract 
screening process, 2,722 papers were excluded as they did not meet the 
inclusion and exclusion criteria. The remaining 165 papers underwent 
a full-text screening, where 46 papers were excluded. As a result, 119 
papers were obtained for this systematic literature review. Note that all 
the articles published in 2010 - 2011 did not pass the aforementioned 
screening criteria; therefore, the final 119 retrieved articles were pub
lished in 2012 - 2024.

After screening the papers for eligibility, they were assessed for rel
evance to the corresponding teaching category. Initially, papers were 
assigned the teaching process from their corresponding search string, 
i.e., retrieved papers from the classroom implementation search string 
were tagged with classroom implementation. After full-text screening, 
papers that were found to be more relevant to other teaching processes 
were reclassified. Although the search string was developed to retrieve 
articles from classroom implementation, assessment and feedback, and 
performance monitoring, the retrieved articles contain 3 papers asso
ciated with the course design process. As a result, the course design 
process will be covered in the analysis based on these 3 papers. The 
number of papers in each teaching process is shown in Table 3.

Among the 119 articles retrieved, the majority of the papers came 
from the United States and Brazil, with 21 and 11 papers, respectively. 
India and China followed Brazil closely, each with ten papers. In the 
fifth place, Finland has six articles relevant to the research questions. 
The number of retrieved articles by country is shown in Fig. 2.

4. Analysis of reviewed papers

4.1. RQ1. Which areas of AI and ML can be used to augment the teaching 
process in computer programming courses?

The first research question of this systematic review concerns the 
broad area in which AI and ML methods have been proposed to sup
port the teaching process. As discussed in Section 2, this study divides 
the teaching process into four distinct stages, namely course design, 
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Fig. 1. The PRISMA flow diagram of the study. 

Fig. 2. The number of articles retrieved by country. 
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Table 2
Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

• Is written in English
• Utilizes AI/ML techniques as their 

main methodology
• Is conducted in computer program

ming class
• Does not focus on evaluating the 

performance of existing software or 
platform

• Is a review paper or visionary pa
per

• Is shorter than four pages
• Is not in the field of computer sci

ence
• Focuses on primary education and 

secondary education

Table 3
Number of papers in each category.

Category Number of papers 
Course Design 3 
Classroom Implementation 26 
Assessment and Feedback 35 
Performance Monitoring 55 

Fig. 3. Number of retrieved articles by teaching process, 2012-2024. 

classroom implementation, assessment and feedback, and performance 
monitoring. While the initial search string was developed to retrieve 
articles from the latter three categories, the search result discussed in 
Section 3 indicated that there are three papers concerning tasks in the 
course design category. While it is obvious from the search result that 
the retrieved articles cover all categories, it is important to explore the 
result in detail to understand the research landscape of the topic.

The retrieved articles exhibited an interesting pattern. Fig. 3 dis
plays the number of retrieved articles of each category between 2012 
and 2024.1 The number of literature were stagnant between 2012 and 
2016. Literature in this area experienced rapid growth between 2017 
and 2019, but there was a significant drop in 2020. The growth in the 
literature between 2017 and 2019 was from increases in both assessment 
and feedback category and performance monitoring category, and the 
new literature in the classroom implementation category. During these 

1 The small number of articles in 2024 is due to our data collection being 
limited to the period between January 1st and April 9th, 2024.

years, literature proposed new applications of AI and ML in computer 
programming education such as hint generation (Lavbič et al., 2017) and 
learning style classification (Yusoff & Najib Bin Fathi, 2018), reflecting 
the expansion of the research frontier. One of the possible hypotheses for 
this significant drop in 2020 is the disruption posed by the COVID-19 
outbreak. Education researchers often conducts experiments to evalu
ate the impact of technological tool in the classroom. Many schools and 
educational institutions were closed during the pandemic and shifted 
their instructional mode to online instruction. With sudden changes in 
instructional approach and classroom settings, experiments planned be
fore the pandemic cannot be conducted as these changes can affect the 
experiment results. This also holds true for researchers whose aim is to 
compare results from different cohorts. While some experiments can be 
conducted during the pandemic with some changes in experiment de
sign, the results from these experiments may not be comparable to the 
results obtained prior to the pandemic. Moreover, this rapid transition 
from face-to-face instruction to remote learning led to the shift in re
search priority towards the implementation and adaptation of remote 
learning instead (Cretu & Ho, 2023). However, the numbers of litera
ture recovered and caught up with the pre-pandemic year in 2023. It 
is worth to mention that research prior to the 2020 drop was concen
trated on performance monitoring, but the research topics after 2020 
further extend to assessment and feedback as well as classroom imple
mentation, as can be seen in Fig. 3. The shift in the research landscape 
may reflect the need for research regarding contemporary issues faced 
in the higher education sector after the pandemic.

Although the research in the course design category began later than 
the other categories, they explored the new frontier of research that past 
literature could not achieve due to computational capabilities. In con
trast to other categories, literature in course design was found in 2022, 
making them the newest research area in the field. With the populariza
tion of LLMs in 2021 and the advancement in computational capabilities 
in deep learning algorithms, the research community has been exploring 
its applications and impact in their field of research, and computer pro
gramming education is no exception. In the past, designing the course 
structure and course content well takes a lot of effort and experience. 
With these technological advancements, researchers have begun to ex
plore how to adopt these technologies in the course design process, 
which cannot be achieved with previous machine learning algorithms.

In recent years, research in the classroom implementation category 
has become the largest category in the field. Some studies have been 
conducted in this category in 2019 and 2020. After 2020, the number 
of literature in this field has grown significantly and consistently. This 
can be observed by a two-fold increase in 2021 compared to 2020 and 
another two-fold increase in 2023 compared to 2022. Researchers have 
explored several applications of AI and ML to facilitate teaching and 
learning experiences for computer programming courses. The growing 
number of studies in this category reflects the need to ease students’ 
learning process.

Similar to the classroom implementation category, assessment and 
feedback recently became another important area of research. While re
search in the assessment and feedback category can be retrieved since 
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Fig. 4. Number of retrieved articles by mode of learning, 2012-2024. 

2013, the number of research began to grow from 2021 in a similar 
manner to the classroom implementation category. Assessing students’ 
understanding and knowledge is a crucial step to ensure that students 
are equipped with sufficient knowledge and working skills for the sub
sequent courses. Since the process of assessing a student’s source code 
can be time-consuming due to differences in coding styles and problem
solving approaches, machine learning algorithms were used to extract 
insights from the program’s structure. With the launch of new digital 
tools as well as LLMs such as ChatGPT and Gemini, students can gen
erate code easily without fully understanding the code given by these 
tools. As a result, more research on how to combat the malicious use of 
these technologies will play an important role in the field as well as in 
the classroom.

While past literature in the field concentrated on the performance 
monitoring category, only a few recent studies were conducted in this 
area. Prior to 2020, researchers were interested in tasks related to mon
itoring student’s performance. Moreover, the research in this category 
experienced a rapid expansion between 2017 and 2019, where the num
ber of publications grew by twofold. However, after 2020, research in 
performance monitoring experienced a downward trend. This could re
flect that topics in this category have been extensively explored, and 
the research gap has been narrowed. Nevertheless, research in the per
formance monitoring category has provided significant contributions 
to the field of computer programming education by identifying factors 
contributing to the prediction of student performance. Note that the 
complete discussion on the applications of AI and ML technology from 
every category is provided in Section 4.2.

To verify the hypothesis that COVID-19 is one of the disruptions 
posed to the research in computer programming education, the mode 
of learning is extracted from the retrieved articles. Initially, the authors 
define 3 modes of learning for comprehensiveness: traditional, blended, 
and online. Instruction in traditional learning is given in person, and 
learning activities are done in person. On the other hand, every as
pect of the course in online learning is conducted over the Internet. The 
blended learning approach combines face-to-face learning with online 
learning, usually adopting in-person instruction from traditional learn
ing and implementing digital tools like online learning. The reason why 
online learning is included in this analysis is that some universities may 
have shifted instructional mode for some of their courses to online learn
ing during COVID-19 to adhere to the quarantine policy.

Fig. 4 provides a summary of learning modes of the retrieved arti
cles between 2012-2024.2 There are two observations from this figure. 
First, blended learning is the majority mode of learning. This is not a 
surprising fact, as digital tools are widely implemented in computer pro
gramming courses, from assignment submissions to online code editors. 
Second, the share of online learning in the retrieved articles is signifi
cantly less than blended learning. While it can be seen from the figure 
that some research concerned online learning before the COVID-19 pan
demic, there were only two papers regarding online learning during the 
outbreak between 2020 and 2021. However, the number of publications 
concerning online learning increased to four papers in 2022. But overall, 
online learning still takes a very small portion of the field.

To summarize, the utilization of AI and ML spans all areas of teaching 
computer programming courses in varying proportions. Although the 
number of literature were stable between 2012 and 2016, the number 
of literature grew significantly between 2017 and 2019. Before 2020, 
publications concentrated on the performance monitoring category. Af
ter 2020, research in classroom implementation and assessment and 
feedback categories grew while research in performance monitoring ex
perienced a decline. Moreover, recent research has touched upon the 
course design category. While the authors hypothesize that the shift in 
the research landscape may be the result of the rise in online learning, 
there is not enough supporting evidence to verify this hypothesis. To un
derstand the research in more detail, it is important to understand not 
only the area they are associated with but also their applications within 
each teaching process.

4.2. RQ2. What applications do AI and ML take in each teaching process 
of computer programming courses?

As the previous research question provides a high-level perspective 
on the utilization of AI and ML in computer programming education, the 
emphasis on this research question is given to practical applications of AI 
and ML that have been proposed or implemented in the classroom. While 
it is crucial to realize that there are several ways to implement this tech
nology within the same application depending on the instructor’s goal as 
well as on available data sources, the analysis for this research question 
will only cover the applications in each category. For each application, 
the analysis is arranged by type of data sources used in each study to 
facilitate the comparison among the obtained literature. Machine learn
ing techniques of the articles will be presented in Section 4.3. Table 4
provides a summary of the application and corresponding methodology 
for every retrieved article.

4.2.1. Course design

In this systematic review, course design involves the development of 
curriculum, learning objectives, learning activities, and other activities 
related to the planning stage. This category can be viewed as a combi
nation of the analysis phase, the design phase, and the development 
phase of the ADDIE model. The course design process helps instruc
tors establish what success looks like for the course and how to achieve 
that success with the class. Good planning benefits both instructors and 
learners. Instructors can use the results from this planning stage as a 
blueprint for their course, while learners can also use it as a reference 
for what to expect from the course.

4.2.1.1. Labor market alignment It is important to recognize what the 
industry demands for students with computer programming skills if the 
course intends to prepare students to work in the industry. However, 
grasping the understanding of the industry demand can be a complex 
process as these needs can change quickly due to technological change 
and different roles may require different skills from their applicants. To 

2 The small number of articles in 2024 is due to our data collection being 
limited to the period between January 1st and April 9th, 2024.
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Table 4
Summary of the retrieved articles by applications.

Category Application Number of Papers References 
Course design Labor market alignment 1 Chang et al. (2022)

Lesson plan development 1 Rahman and Watanobe (2023)
Curriculum mapping 1 Sengupta and Das (2023)

Classroom 
implementation

Content personalization 7 Huang et al. (2021); Rathore et al. (2021); Zhao (2022); Huang et al. (2023); 
Troussas et al. (2023); Wu et al. (2023); Adewale et al. (2024)

Exercise recommendation 5 Rahman et al. (2021); Pereira et al. (2021b); Yoshimura et al. (2022); Pereira et 
al. (2023); Liu et al. (2024)

Virtual assistant 4 Hobert (2019); Saini et al. (2019); Dos Santos and Cury (2023); Huang (2023)
Question generation 4 Thomas et al. (2019); Sarsa et al. (2022a); Speth et al. (2023); Doughty et al. 

(2024)
Difficult concept 
identification

2 Behera et al. (2020); Li et al. (2022)

Gamification 1 Krouska et al. (2020)
Problem categorization 1 Pereira et al. (2021c)
Forum thread 
recommendation

1 Plaza et al. (2023)

Self reflection 1 Anwar et al. (2023)

Assessment and 
feedback

Assignment grading 15 Stankov et al. (2013); Vujošević-Janičić et al. (2013); Barbosa et al. (2018); 
Rezende Souza et al. (2019); Wong et al. (2020); Luca and Chen (2020); 
Angelovski et al. (2021); Qin et al. (2021); Verma et al. (2021); Sarsa et al. 
(2022b); Ainapure et al. (2022); Acuna and Bansal (2022); Matsrostefano and 
Sciarrone (2022); Arhandi et al. (2023); Rico-Juan et al. (2023)

Feedback generation 7 McBroom et al. (2018); Lobanov et al. (2019); Rubio-Manzano et al. (2019); 
Malik et al. (2019); Duong et al. (2022); Bahrehvar and Moshirpour (2023); Heo 
et al. (2023)

Source code error detection 3 Možina et al. (2018); Gupta et al. (2019); Koutcheme et al. (2023)
Suspicious activity detection 3 Saoban and Rimcharoen (2019); Demidova et al. (2023); Freire-Morán (2023)
Challenging concept 
identification

2 Liu et al. (2023); Kerschbaumer et al. (2024)

Hint generation 2 Lavbič et al. (2017); Roest et al. (2023)
Code completion 1 Terada and Watanobe (2019))
Typing pattern classification 1 Longi et al. (2015)
Metacognition level 
classification

1 Beck et al. (2018)

Performance 
monitoring

Academic performance 
prediction

25 Anthony and Raney (2012); Alzoubi et al. (2013); Aziz et al. (2013); Yoo and 
Kim (2014); Krishna Kishore et al. (2014); Navrat and Tvarozek (2014); Carter 
et al. (2015); Leinonen et al. (2016); Wang et al. (2017); Kumar et al. (2016); 
Chiheb et al. (2017); Guerrero-Higueras et al. (2018); Ulloa-Cazarez et al. 
(2018); Anand et al. (2018); Tanuar et al. (2018); Sheshadri et al. (2018); Raju 
et al. (2019); Matetic (2019); Qu et al. (2019); Khan et al. (2019); Edwards et 
al. (2020); Khan et al. (2021); Pereira et al. (2021a); Sagala et al. (2022); 
Farghaly and El-Kafrawy (2023)

At-risk student identification 15 Singh et al. (2014); Petkovic et al. (2014); Ochoa (2016); Costa et al. (2017); 
Azcona and Smeaton (2017); Richards and Hunt (2018); Erickson (2019); 
Shrestha and Pokharel (2019); Buschetto Macarini et al. (2019); Veerasamy et 
al. (2021b); Nabil et al. (2021); Arakawa et al. (2022); Au et al. (2022); Quille 
et al. (2023); Vives et al. (2024)

Dropout prediction 3 Pereira et al. (2019); Naseem et al. (2019); Triayudi et al. (2021)
Knowledge tracing 3 Jiang et al. (2020); Kantharaju et al. (2022); Liu et al. (2022)
Student behavior 
classification

3 McBroom et al. (2016); Poon (2019); Chen et al. (2022)

Learning style classification 3 Yusoff and Najib Bin Fathi (2018); Karagiannis and Satratzemi (2019); 
Feklistova et al. (2020)

Student competency 
classification

2 Somasundaram et al. (2015); Silva et al. (2024)

Teamwork style identification 1 Gitinabard et al. (2023)

tackle these issues, machine learning can be employed to extract skills 
the skills required by the employers. Chang et al. (2022) explored and 
proposed a skill extraction algorithm to skills required by employers. 
Firstly, the authors constructed a category of skills using self-reported 
skills from university students on a job-hunting website. Then, the algo
rithm takes phrases from the online job posting and classifies whether 
the phrases contain the coded skill or not. This algorithm leverages the 
natural language processing technique to analyze linguistic pattern in 
the job posting phrases and utilized machine learning model to classify 
the phrase into skill or non-skill. Lastly, a cross-sector and within-sector 
analyses were conducted to identify skills required for different profes
sions. The study found a mismatch between the skills students acquired 

from the course and skills required by the employers (Chang et al., 
2022). With better understanding of the current skills demanded by 
the industry, higher education institutions and instructors can integrate 
these understandings in their lesson plan to ensure better alignment be
tween the curriculum and the industry needs.

4.2.1.2. Lesson plan development While developing the lesson plan is a 
crucial step for instructors as it lays out what content will be covered 
and how will it be delivered, it can be a time-consuming process if the 
instructor has to start from scratch with little to no assistance. This is es
pecially true for instructors who have to teach a course they have never 
taught before and for inexperienced instructors who may need guidance 
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in crafting appropriate lesson plan for their course. With the increasing 
popularity of LLMs, especially ChatGPT, its applicability in educational 
settings has been explored in Rahman and Watanobe (2023). The study 
evaluated ChatGPT’s capabilities in computer programming education 
in several aspects, including but not limited to developing lesson plans, 
generating solutions to programming exercises, and providing explana
tions for the code. Specifically, the study gave several prompts in several 
areas to ChatGPT and evaluate its responses. The authors also explored 
its capabilities in assisting the learning of computer programming by 
asking ChatGPT to explain programming concepts, generate solution 
code, and check errors from source code. Furthermore, a survey on 
how ChatGPT can support programming learning and teaching has been 
conducted. The survey results showed that both students and teachers 
were satisfied with the supports and sugestions provided by ChatGPT. 
Moreover, an experiment has been conducted to evaluate ChatGPT’s ca
pabilities in real classroom settings. The result showed that ChatGPT can 
generate approximately 95.8% of correct code (Rahman & Watanobe, 
2023). However, the authors also highlighted potential threats and risks 
from utilizing LLMs in the classroom that researchers and practitioners 
should take into consideration, such as the integrity of the assignments, 
reliance on generative AI tools, and development of critical thinking and 
problem-solving skill.

4.2.1.3. Curriculum mapping Another important element in the course 
design process is the alignment between the course and the program of 
study. In outcome-based education (OBE), curriculum mapping is an im
portant process for instructors and course coordinators as it helps align 
the course objective with the program’s objectives. This process is often 
conducted by mapping the course outcomes (CO) with the correspond
ing program outcomes (PO). With the absence of clear guidelines on 
this mapping, combined with the large volume of data that needs to 
be processed, the CO-PO mapping process is considered to be a com
plex task even for experienced faculties. As a result, machine learning 
technique can be applied to streamline the process of curriculum map
ping. Sengupta and Das (2023) proposed an automated approach to the 
mapping of course outcomes and program outcomes with modern nat
ural language processing techniques. In this study, the dataset comes 
from the curricula of bachelor-level Computer Science and Engineer
ing programs from several Indian universities. The study compared the 
performance between traditional machine learning models with con
ventional features obtained from TF-IDF, Word2Vec, and stacked TF
IDF and Word2Vec with principal component analysis (PCA), and deep 
learning models with BERT-based embeddings. While the best tradi
tional models with conventional features achieved the average micro 
F1 score of 78.23%, all deep learning models exhibited stronger perfor
mance, with Roberta giving the highest F1 score of 85.96%.

Creating the course structure and content, especially for introductory 
courses, is a crucial task for instructors. With careful design, instructors 
can create a blueprint of what students should expect to gain after com
pleting the course. While AI and ML can assist in aligning the curriculum 
with the job market, instructors need to put these well-crafted plans into 
action to ensure the success of the course. While having a plan is a good 
starting point, implementing the plan is what brings it to life.

4.2.2. Classroom implementation

Although several actions and tasks fall under the definition of class
room implementation, the common goal of this teaching process is to 
deliver course content and nurture necessary skills to ensure that stu
dents are meeting the learning objectives set in the course design stage. 
Hence, tasks in the classroom implementation process emphasize execu
tion more than other teaching processes. Because each student is unique, 
there is no universal classroom approach that can ensure every student 
achieves the desired learning outcomes.

4.2.2.1. Content personalization Among the obtained literature, con
tent personalization has the largest share in the classroom implemen

tation category. With technological advancement, personalized learn
ing has become more feasible and, in turn, more popular. Tailor
ing instructions to student’s preferences and needs can enhance their 
strengths while tackling their weaknesses. Since personalized learning 
spans across a wide range of dimensions, several applications of AI and 
ML within personalized learning are presented in this category, start
ing with personalized content. Based on the obtained result, literature 
leveraging AI and ML technologies in content personalization began af
ter 2020. Some of these literature developed a personalized learning 
platform, which is beneficial for beginner programmers. For instance, 
Rathore et al. (2021) developed a personalized learning platform for 
programming courses. The platform consists of four sub-systems, namely 
material recommender, programming section, AI chatbot, and informa
tion database. A material recommendation module and AI chatbot to 
answer students’ queries were implemented in the system to promote 
personalization. Student knowledge was assessed with quizzes and rel
evant materials will be recommended to the students based on their 
knowledge. After the students finish reviewing the study materials, they 
will move on to complete programming exercises as well as quizzes to 
update their profile in the system. Similarly, Huang et al. (2021) pro
posed an intelligent teaching system for object-oriented programming in 
Python course. Student progress and data are collected throughout the 
course, and an AI chatbot was implemented to support students’ queries. 
Student progress is used to design personalized teaching plan for the in
structor. The proposed system was implemented in the classroom and 
found to be effective in stimulating students’ interest in learning Python 
programming.

Another approach to utilize student’s skills in content personaliza
tion is to compare their skills with other students using collaborative 
filtering algorithm. Zhao (2022) developed an adaptive learning ques
tion bank system for Java programming courses. This system uses a 
collaborative filtering recommendation algorithm to provide personal
ized test exercises tailored to each student’s learning progress. The goal 
is to enhance learning efficiency and improve student academic per
formance while also serving as a reference for other adaptive learning 
systems based on personalized recommendations. Student’s rating was 
collected and similarity among students based on this rating was con
ducted. Then, recommendation was generated based on collaborative 
filtering algorithm. Other filtering algorithms have also been used, as 
seen in Huang et al. (2023). The study employed the content-based fil
tering algorithm to recommend video materials based on their profiles. 
The proposed system used self-administered sequential probability ratio 
test (SPRT) to collect data about students’ perception of their own abil
ity after the lecture. This self-examination and student online learning 
behavior are used to classify student’s learning outcome. The videos are 
then recommended based on predicted student’s learning outcomes.

Recently, other literature have explored other techniques beyond 
filtering algorithms. For instance, Troussas et al. (2023) constructed 
knowledge graph using students’ prior knowledge, their learning style, 
and their current learning goal. This knowledge graph consists of two 
types of nodes, namely learners and educational entities. Associated con
textual attributes of learners were assigned to give further contexts to 
the recommendation algorithm. To develop recommendation from the 
knowledge graph, learners and educational entities were represented 
as vectors and cosine similarity was computed. Adewale et al. (2024) 
explored how to incorporate student’s learning styles into the content 
personalization. The authors proposed a design of an adaptive ubiqui
tous learning system by leveraging a Bayesian network. Initially, learn
ing style of the students were extracted from the Index of Learning Style 
(ILS) questionnaire. Naïve Bayes Classifier was used to classify the learn
ing styles throughout the course and update the student learning styles 
accordingly. Since the learning style is used to infer appropriate learn
ing path for students with different learning styles, students who change 
their learning styles during the course will need a different learning 
path.
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Some literature has incorporated theories from education into their 
work. Wu et al. (2023) explored the power of LLMs to generate con
tent for programming courses based on the constructivism learning the
ory and cognitive load theory. The proposed system consists of five 
parts: programming learning program, personalized learning context, 
programming learning chain of thought, real-time interaction, and as
sessment and feedback. After implementing this model in the classroom, 
the proposed model was found to be effective in raising students’ inter
est in learning computer programming. While the emphasis of the study 
is in the design of the intelligent system, using educational theories as 
foundations for the study serve as a bridge between computer science 
and education.

4.2.2.2. Exercise recommendation Exercise recommendation is another 
element of personalized learning. Since programming skill is acquired 
through practice, programming students should spend time with ex
ercises to improve their understanding of programming concepts and 
critical thinking skill. However, it is possible that students may face 
with questions that are too challenging for them, which can discourage 
them from continue learning about programming. Thus, recommending 
appropriate exercises to the students can facilitate their learning process 
by identifying programming questions that are appropriate for studen
t’s skill level. There are several ways to tackle this application, as can 
be seen by the following literature. For instance, Rahman et al. (2021) 
developed a rule-based Online Judge (OJ) recommender system where 
the recommendations are based on students’ knowledge which is deter
mined by a clustering algorithm. The system first scored the submitted 
program and clustered these programs to understand association rules 
between each clusters. The resulting association rules then can be used 
as supporting evidence for instructors to adjust the difficulty of the pro
gramming exercises in the future.

Moving away from rule-based system, Pereira et al. (2021b) devel
oped a behavior-based recommender system (BRS) to perform prescrip
tive analytics on students’ information and recommend exercises. This 
study emphasized the importance of students’ efforts, as can be extracted 
from students’ logs and source codes into several features such as the 
number of attempts and the average number of lines of codes. The sys
tem will recommend problems which require similar efforts from the 
students. The students were satisfied with the recommendations pro
vided by the BRS, as opposed to the random recommendations. The sys
tem exhibited the potential to support computer programming courses 
that use Programming Online Judge (POJ). However, the BRS system did 
not take students’ previous knowledge into account and only used stu
dents’ efforts in their recommendations. Similarly, Pereira et al. (2023) 
also leveraged students’ efforts in their recommender system. The au
thors developed a hybrid human/AI recommender system where the 
instructor helps validate the equivalence between the target problem 
and the recommended problem. The system The recommended prob
lem was evaluated based on the time student took to solve the question, 
the effort required by the students, and the hit rate. The hit rate is the ra
tio of correct solutions and the number of attempts. If the recommended 
problem and the target problem have similar in every dimensions, they 
are said to be equivalent. The experiment showed that the proposed 
recommender system could provide programming problems compatible 
with human-selected questions.

Yoshimura et al. (2022) took a different approach from the previ
ous studies. The authors designed Waseda Online Judge Recommender 
(WOJR) using Waseda University’s OJ database to help students that 
cannot solve programming exercises. The WOJR system computes sim
ilarity scores between model answers with student’s submissions and 
returns problems with similar model answers to the students so they can 
practice their programming skills on similar problems. TF-IDF and JPlag 
were used as similarity metrics in this study because TF-IDF measures 
the similarity of token sequences while JPlag considers the structural 
similarity between source codes. The WOJR was found to increase the 
percentage of students who correctly answered every problem by 11.5%. 

Similarly, Liu et al. (2024) proposed an architecture to capture student 
behavior and learning patterns from their source code and use these 
insights to recommend programming exercises. The authors developed 
Programming Exercise Recommender with Learning Style (PERS) to rec
ommend programming exercises, considering student’s learning styles 
and preferences. Embeddings were performed on both exercise problem 
and student source code in order to compare the difference between the 
two. The resulting embeddings were used to update the latent states rep
resenting student learning style. These learning style were then used to 
recommend programming exercises for the students. The PERS was eval
uated on four public datasets and was found to yield better performance 
than pedagogical methods and sequential methods (Liu et al., 2024).

4.2.2.3. Virtual assistant Since computer programming concepts and 
exercises can be abstract and complex, students may seek additional as
sistance and guidance in the early stages of learning. However, with 
a very high student to teacher ratio, it can be difficult for the instruc
tor to provide sufficient support to these students. This means that it 
may take a long time before students can get the response from the 
instructor. One way to overcome this issue is to utilize virtual assis
tant that can provide support to the students almost instantaneously. 
One of the key characteristics of the virtual assistant is that virtual as
sistant can hold conversation with the student using natural language 
that the students can understand easily, and the literature regarding 
this application often seeks to expand this capability to optimize stu
dent’s experience with the virtual assistant. It is not unexpected that 
early research in virtual assistant employed traditional natural language 
processing techniques. Hobert (2019) developed a chatbot-based learn
ing system for introductory programming courses. The design of this 
system followed the design process from understanding students’ and 
instructors’ pain points to developing design principles. The chatbot can 
recognize students’ intentions and generate answers to open-ended ques
tions with the NLP.js library. The system was then evaluated based on 
its usefulness, ease of use, and practicality. The results showed satisfac
tory results in all dimensions. Saini et al. (2019) proposed a framework 
called ModBud to help teach Model-driven engineering (MDE). Mod
Bud come with two modes, namely educators mode and student mode. 
With ModBud, instructors can use the bot to help create a domain model 
or provide advice to improve the domain model, and students can use 
the bot to provide feedback on their model submissions and examples 
of the domain model. While the high-level architecture of ModBud is 
similar to other chatbot with user interface, dialogue management, and 
database, the dialogue management of ModBud contains several com
ponents that help ModBud understand user queries and generate appro
priate responses. Specifically, ModBud leveraged dependency parsing 
algorithms to process user queries and to form responses by extracting 
relevant information from its knowledge base.

With recent advancements in LLMs, literature on virtual assistant 
has been incorporating LLMs in their architecture. With its capabilities 
to generate coherent sentences, it is natural to leverage LLMs in virtual 
assistant application. Dos Santos and Cury (2023) studied the effective
ness of ChatGPT as a virtual peer in peer for peer instruction setting. 
Specifically, the study divided students into small groups, where some 
groups will have ChatGPT as their member. Throughout the course, 
students can interact with their group members such as asking for clar
ifications of programming concept or asking for helping debugging the 
code. Student performance and feedback for each group was collected 
via pre-test, post-test, programming assignments, and student survey. 
The result from this experiment indicated that students with ChatGPT 
as a virtual peer performed better in programming exercises and had 
better skills and conceptual understanding. However, the long-term ef
fect of AI on peer instruction was not investigated and the experiment 
was conducted in only one course, which th results may not general
ize to other courses. Besides ChatGPT, other pre-trained LLM has also 
been employed by researchers in developing virtual assistant. Huang 
(2023) leveraged BERT to design an intelligent Q&A system for sev
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eral university-level courses, including computer programming, called 
YONA. The system consists of 4 modules, namely intelligent Q&A mod
ule, tutor recommend and match module, tutor Q&A system module, 
and Q&A forum module. BERT was utilized in the intelligent Q&A mod
ule to take user queries and generate corresponding response. Students 
can post the question to the system, and the answers will be automat
ically generated and provided to them. The system was deployed as a 
pilot project and evaluated by time taken to answer the query and user 
satisfaction. Overall, YONA can resolved 85% of user’s problems with 
average response time of 30 seconds. While these two studies incorpo
rated LLMs in a different way, the capability of LLMs in understanding 
and generating texts were clearly highlighted in both studies.

4.2.2.4. Question generation While the aforementioned applications in 
classroom implementation process centered around students, some stud
ies have investigated how to leverage AI and ML to facilitate instructors 
executing their lesson plan. Crafting appropriate programming ques
tions can be time-consuming for instructors, as they have to adapt the 
problems to fit the learning objectives of their course. While some in
spirations can be drawn from past exercises and from other resources, 
it still takes time to research and look for appropriate questions. Gener
ating questions in computer programming courses is another area that 
has been advanced by LLMs in recent years. Before the rise of LLMs, 
Thomas et al. (2019) proposed a model to generate Java programming 
questions based on the instructor’s input. The instructor can specify the 
topic of the question as well as the difficulty of the question in the input. 
The model was designed to generate questions regarding conditionals, 
loops, and arrays. The model leveraged the stochastic tree-based gener
ation algorithm in the question generation process. The proposed model 
can generate multiple-choice program-tracing questions at the desired 
difficulty with distractors, i.e., incorrect but plausible answers. The sys
tem was evaluated by students regarding the usefulness of the questions 
generated. Students found the system to helped with their exam as well 
as helped with their understanding of Java programming language.

As the power of LLMs is being realized, several studies have ex
plored how to integrate LLMs into the question generation pipeline. 
Following the launch of ChatGPT-3, Sarsa et al. (2022a) explored the 
integration of OpenAI Codex to generate programming exercises, corre
sponding solutions, and explanations. The OpenAI Codex is a generative 
model used in generating code and code related texts. The generated 
exercises, solutions, and feedback were evaluated for its correctness 
and clarity. While the majority of the exercises created by Codex were 
high quality, their explanations of the code contain some inaccuracies. 
However, the faulty explanations did not contain major mistakes and 
could be fixed by the instructor. Overall, this was one of the first at
tempts in leveraging the power of contemporary technology in question 
generation. While OpenAI Codex is a specialized model for code and pro
gramming, other researchers have explored the capabilities of a more 
general model, namely ChatGPT, in generating programming questions. 
Speth et al. (2023) explored the effectiveness of ChatGPT-3 in gener
ating Java programming exercises in classroom settings. The instructor 
first reviews the exercise generated by ChatGPT and can choose to ac
cept the exercise as-is or reject the exercise and let ChatGPT generate 
the exercise again. The final set of exercises was given to students to 
solve, and feedback was collected. The majority of students felt that 
the exercise’s structure and difficulty level were suitable, and most did 
not realize it was created by ChatGPT. This result reflected the capabil
ity of a general-purpose language model in performing tasks that they 
are not specifically fine-tuned for. With the recent release of ChatGPT-4, 
Doughty et al. (2024) integrated ChatGPT-4 in their automatic multiple
choice questions (MCQs) generation pipeline in Python programming 
course. Not only this study differed from the previous ones by experi
menting with the newer model, they also experimented with different 
style of prompts. Specifically, the prompts used in this study contains 
the high-level context as well as the corresponding learning objectives of 
the learning module. Contexts given to the ChatGPT included the prin

ciples of designing MCQs, the definition of Blooms’ Taxonomy, course 
description, desired question type and examples, and the desired format 
of the output. This was done to ensure that the generated questions are 
consistent with the learning objectives the instructors aim to achieve 
with these questions. AI-generated questions were found to be of simi
lar quality to questions from the instructors, and those questions closely 
aligned with the learning objectives more than those generated by hu
mans.

4.2.2.5. Other applications Beyond the above categories, several stud
ies have explored the capabilities of machine learning in other appli
cations under classroom implementation. While there are few studies 
focusing on these topics, the application proposed by these studies can 
have significant impact in the classroom and student’s learning journey. 
For instance, Krouska et al. (2020) integrated gamification with tutor
ing by developing a mobile game-based learning (MGBL) application 
for computer programming. Players will compete with each other on 
adaptive quiz testing their knowledge in computer programming. The 
system will recommend players with comparable competitors based on 
their learning modality, previous knowledge, current knowledge, and 
their misconceptions from previous quizzes. The system was found to 
be satisfactory from both student and instructor perspectives, highlight
ing the effectiveness of the competitor recommendation engine.

One benefit of face-to-face instruction is that it is possible for instruc
tors to observe student nonverbal behaviors to identify which students 
may struggle with the class. Behera et al. (2020) further explored this 
opportunity by developing an automatic non-verbal behavior detection 
system from video. The study recorded student’s facial expression and 
hand-over-face (HoF) gestures throughout the lecture and exerciser pe
riod. Then, HoF gestures, head movement, and other facial features were 
extracted from these video. The result showed that there was a signifi
cant increase of HoF gestures when the difficulty of the exercise increase. 
The result of this study highlights the importance of understanding stu
dent’s body language to ensure student engagement and intervene when 
students need further assistance.

Doing exercises is an integral part of learning, especially in com
puter programming where students are expected to complete several 
programming exercises to develop familiarity with the language as well 
as develop their problem solving skills. However, beginners may can get 
overwhelmed with these exercises as some problems may be too chal
lenging for their skill level. Pereira et al. (2021c) proposed an algorithm 
to predict topics of programming online judge (POJ) using random for
est model with Word2Vec and contextual paraphrase with F1 score of 
approximately 86%. The algorithm takes the string of problem instruc
tion and outputs its corresponding category. This algorithm can be used 
to assist self-directed programming learners to navigate through their 
learning journey by selecting problems that are appropriate for their 
learning goals.

Moving beyond lecture and exercises, discussion forum is a great 
place to understand how students learn. Li et al. (2022) investigated the 
online discussion forum from the Chinese University MOOC platform to 
understand how students interact with each other. The algorithm can 
extract students use the platform such as provide definitions, describe 
facts, or describe the relationship between methods. Moreover, another 
algorithm was implemented to extract student’s sentiment in the dis
cussion forum. The results from these algorithms serve as supporting 
evidence for instructors and other relevant stakeholders to adjust the 
learning module and exercises.

Similarly, Plaza et al. (2023) also investigated the discussion forum 
data. However, this study focused on developing a forum thread rec
ommender so students can see who have asked similar questions in the 
forum and can contribute or ask for further clarifications. The author 
developed a content-based recommender based on student’s queries. 
The study experimented with several feature representation techniques, 
namely bag of words, bag of key phrases, and embeddings. Bag of key 
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phrases was found to have the best performance, with precision at five 
of 80% when using relaxed criterion.

While self-reflection can be a great tool for students to assess them
selves, writing good reflection takes a lot of practice. Good reflection 
should be objective and specific in what areas students to improve. To 
facilitate the self reflection process, Anwar et al. (2023) developed an 
application to calculate the specificity of the student’s reflection. The 
standard version will only provide the level of specificity, while the 
adaptive version also provides meaningful feedback on how to improve 
the self reflection, i.e., the adaptive version method uses scaffolding 
technique to help students write better reflection. The experiment was 
conducted to compare the specificity of the reflection written between 
these two versions of the application. It was found that the students 
using the adaptive version of the application receive higher specificity 
score in their reflection than the students using the standard version 
of the application. This result reflected the role of using scaffolding in 
assisting students successfully performing speciic tasks.

Translating learning objectives and lesson plans into actionable plans 
and executing those plans in the classroom is how instructors deliver 
course content and knowledge to students. Although AI has proved ben
eficial in completing these tasks, it is also crucial to assess students’ 
understanding and skills based on the delivered content. Without appro
priate assessment tools, instructors cannot measure students’ knowledge 
and may miss opportunities to revise their strategy for the remaining 
portion of the course.

4.2.3. Assessment and feedback

Although assessment and feedback play a pivotal role in the com
puter programming course, it also takes a lot of the instructor’s time and 
effort to perform these tasks effectively and meaningfully. Furthermore, 
these learning evaluation processes can provide useful insights for the 
instructors on students’ understanding of technical concepts and their 
room for improvement. With an increasing number of students enrolled 
in computer programming courses, performing these tasks effectively 
is becoming more difficult for instructors. This raises the need for new 
tools and methods that can assist instructors in assessing students as well 
as providing meaningful feedback.

4.2.3.1. Assignment grading Grading computer programming assign
ments can be done by comparing the program’s output of the submitted 
program with the expected output or investigating the source code to 
check the program’s syntax, code quality, as well as compilability. The 
former approach is called dynamic assessment, which is usually done by 
creating several unit tests; the latter is called static assessment.

Since the automated assessment system can produce false positive 
results and false negative results, several studies proposed a semiauto
matic assessment system where some processes are automated and some 
processes are still handled by the instructor. One approach to semiauto
matic assessment is to automatically select programs that need instruc
tor’s reassessment by clustering every submissions for further analyses. 
Stankov et al. (2013) developed a semiautomatic assessment tool called 
EMAx which can cluster source code that received a weak score from 
an automated grading system. The submissions were first parsed into 
trees, then hand-crafted features were extracted from these parse trees. 
The clustering algorithm takes vectors of program features and provide 
clusters as output. They found that clustering programs based on their 
characteristics can be used to assess whether the program likely em
bodies a good implementation or an approximately effective algorithm 
for the given problem. Programs that did not pass all the test cases but 
were put in the same cluster as the programs that pass all the test cases 
will be reassessed by the instructor. Angelovski et al. (2021) addressed 
the inability to handle uncompilable code of EMAx and developed an 
improved application named DEMAx. In contrast to the EMAx where 
the program takes parsed trees of the programs as input, the DEMAx 
takes source code as input and conducts static analysis on the source 
code. The application still represented the programs as attribute vec

tors and utilized clusters of source code to distinguish submissions that 
may require an instructor’s manual inspection, e.g., submissions that 
are uncompilable but the program’s structure is similar to the correct 
solution. In a similar manner, Barbosa et al. (2018) also clustered stu
dents’ source code to group similar programs together for instructors 
to evaluate. The study conducted an experiment to compare the eval
uation result of the clustering approach with the evaluation from the 
specialists. The proposed method was found to provide a higher agree
ment than that obtained between the experts, with Cohen’s Kappa of 
0.76.

Vujošević-Janičić et al. (2013) expanded the data sources for as
sessment by combining automated testing results, software verification, 
and program similarity to predict the submission’s score. Since the use 
of dynamic assessment alone cannot ensure functional correctness of a 
program or the absence of bugs, software verification and program sim
ilarity were employed to solve this issue. Final assessment score was a 
linear combination between the results from these three measures. Mul
tiple linear regression was used to estimate the weight corresponding to 
each measure. Verma et al. (2021) extended the similarity measurement 
by comparing the computed similarity with the perceived similarity by 
the instructor. In doing so, the system can map the predicted score to 
the scores that are computed using the rubric. The proposed method 
used Support Vector Machines (SVM) to learn appropriate scaling fac
tors for different levels of similarity by the system. The mean absolute 
error of the proposed system were below 0.06 for all seven types of pro
grams that were tested. Arhandi et al. (2023) proposed a system that first 
computes the similarity score between the submission and every refer
ence solution. If the answer passed the threshold, it will be run against 
the reference solution with the highest similarity to see if the result is 
the same.

Ainapure et al. (2022) integrated both dynamic assessment and static 
assessment in the grading model by considering the results of unit test
ings, time complexity, space complexity, program errors, and source 
code features such as coding styles and readability. These features were 
extracted from the source code and scoring was calculated based on ex
isting rubric. A random forest classifier was then trained on these data to 
predict scores for the other submissions. By incorporating other features 
beyond the results of the test cases, the predicted grade can serve as a 
more meaningful metric for the students. Sarsa et al. (2022b) proposed 
a sequence to automatically grade student submission where machine 
learning is used to predict the existence of the problem in the source 
code. If the submission is the new version that has never been tested 
before, static analysis will be conducted to ensure the program can exe
cute. Then, machine learning model will use the features generated from 
the static analysis to predict whether the submission has any problem. 
If the model can detect no problem, the submission will be ran against 
test cases to calculate the score.

Instead of parsing source code into abstract syntax trees, many 
studies have investigated other representation technique in assignment 
grading, mainly embedding technique. The grading model proposed 
by Rezende Souza et al. (2019) takes source code as input and cre
ates corresponding embedding for the program by using a skip-gram. 
Then, a convolutional neural network (CNN) is employed to classify the 
embeddings into letter grades from A to F. The proposed system can 
output possible letter grades from A to F with 74.9% accuracy. Sim
ilarly, Matsrostefano and Sciarrone (2022) also employed embedding 
techniques on students’ source code before ranking them based on sim
ilarity with the teacher’s code. Instead of using skip-gram, the study 
employed doc2vec to embed the source code. Then, dimensionality re
duction was performed through principal component analysis (PCA) in 
order to similarity with the instructor solution using Euclidean distance. 
The programs are then ranked based on the distance and the programs 
with better ranking will receive better score. The method proposed by 
Qin et al. (2021) used the encoder-decoder model with attention layer 
to perform assignment grading. The system both semantic features ex
tracted from the source code and the result from the black-box testing to 
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provide grades for students. The semantic features were extracted using 
Neural Code Comprehension (NCC) model. The result from the encoder
decoder model will be concatenated with the result from the black-box 
testing, then it will be passed through a softmax function to calculate 
the resulting grade.

While summative assessment is dominant in assignment grading, for
mative assessment is also helpful in assessing student’s ability. Acuna 
and Bansal (2022) leveraged student activity trace from an automated 
assessment system to conduct formative assessment on the student 
source code. The study extracted the number of test cases passed for each 
submission to construct a Student Action Graph (SAG), which is similar 
to a Markov chain but without the independence assumption, and to cal
culate fragility score (FS), which can identify the parts of the assignment 
that the students find challenging. Students submissions were clustered, 
then the SAG for each cluster was constructed and the FS for each clus
ter was calculated. This attempt in formative assessment opens the door 
for in-depth assessment that summative assessment cannot capture. Stu
dents’ behavior extracted from the Online Judge (OJ) system can also 
be used to assess their submission. Rico-Juan et al. (2023) integrated 
multi-instance learning, traditional machine learning, and explainable 
AI to predict whether the student submission pass or fail the Online 
Judge (OJ) system based on their behavioral pattern extracted from OJ 
activities. The proposed method utilizes bags of elements where the bag 
is labeled positive if at least one element in the bag is positive, and is 
labeled negative otherwise. Post-hoc explanations are implemented to 
provide explanation for the predicted result.

Besides the aforementioned methods, other techniques have also 
been discussed in the literature regarding assignment grading. Wong et 
al. (2020) developed a machine learning algorithm to extract matching 
rules from hierarchical program output structure (HiPOS). The proposed 
algorithm can generate matching rules for both token level and block 
level. The resulting matching rules can be used to identify different types 
of acceptable program output. Explainable AI was used by Luca and 
Chen (2020) to develop the Visual IoT/Robotics Programming Language 
Environment (VIPLE). The proposed framework integrates a modified 
version of 𝜋-calculus and Hoare logic to perform program verification 
and rules from the solution files. The system can perform automated 
assessment of student code and provide grade for them.

4.2.3.2. Feedback generation Another application of machine learning 
in the assessment and feedback process is feedback generation. While 
the grade received can reflect student’s ability, grade alone is not suf
ficient to let students understand what they did well and what they 
can improve. This issue is present in programming course where pro
gramming tutor is employed with automated test cases. Students may 
find ways to solve their program just to pass the pre-defined test cases 
without fixing the program to work as intended. McBroom et al. (2018) 
proposed a method to cluster student submissions based on their func
tionality, assisting the instructor to identify common mistakes in student 
submissions. Interaction graph and sequential pattern mining were also 
employed to understand how students respond to the test case results 
given by the tutoring system.

Another issue related to providing feedback is that manually pro
viding feedback can be time consuming. As such, automated generation 
of feedback has been explored in the obtained literature. Extracting the 
structural similarity of the source code can be used to facilitate the feed
back generation process. For instance, Lobanov et al. (2019) clustered 
incorrect solutions to identify frequent errors made by students and used 
these errors to identify errors in new submissions. The only step that re
quires expert intervention is the labeling step after the clustering step. 
By utilizing both unsupervised learning in clustering frequent errors 
and supervised learning in classifying error types for new submission, 
this reduces the time needed to analyze the source code from the first 
step. Understanding error type alone may not be enough to guide stu
dents in the right direction, formative feedback that sufficiently provide 
suggestions for the students are more appropriate. Duong et al. (2022) 

developed a web-based tool called AP-Coach, which can compute struc
tural similarities between students’ submissions and reference solutions. 
AP-Coach is able to generate formative feedback by comparing student 
submissions with multiple reference solutions and generate feedback 
and pseudocode from the most similar reference solution. This can en
courage. The Pseudogen was found to perform better than Denigma 
in automatically generating pseudocode, with 71.6% accuracy. Simi
larly, Bahrehvar and Moshirpour (2023) extracted the data flow from 
a source code by parsing the source code to abstract syntax tree (AST) 
and identify variable sequence as well as variable relations in the AST. 
The similarity metric was calculated by GraphCodeBert, a pre-trained 
model for programming languages. Feedback will be provided to stu
dents if the similarity score falls below the acceptance threshold.

Although feedback helps students understand how they can improve 
on specific exercise, it cannot provide a comprehensive profile of the 
students. Rubio-Manzano et al. (2019) proposed a method to extract 
linguistic descriptions and execution traces to generate personalized 
behavior profiles. This approach can provide tailored feedback on algo
rithm implementation, which help not only students to understand their 
mistakes but also instructors to gain a deeper understanding of their 
students. Malik et al. (2019) incorporated an approach called neural 
approximate parsing with generative grading (GG-NAP) in their feed
back system to predict student decisions based on a given solution, 
enabling detailed automated feedback. The proposed method first mod
els the student cognition by using student decision process (SDP) and 
Idea2Text, and then uses this cognitive model to infer feedback from stu
dent submissions. The generated feedback can highlight the part from 
the student submission that is the root cause to their misunderstanding.

Previously, feedback was generated based on other reference sub
missions. Recently, literature has explored an approach to generate 
feedback without the reference program. Heo et al. (2023) developed a 
transformer-based feedback generation system called REFERENT, lever
aging transfer learning to generate feedback without a reference pro
gram. The proposed method for feedback generation will first localize 
the bugs in the programs then generate appropriate feedback. The au
thor first developed a pre-trained model for feedback generation from 
open-source repositories. Assignment submission data was then fed to 
this pre-trained model to train the model to generate the feedback. The 
model takes string of student submission as inputs without considering 
the program structure and other abstract information. The experiment 
showed that REFERENT can generate feedback for more than 30% for 
incorrect programs without reference.

4.2.3.3. Source code error detection As novice programmers tend to 
make mistakes in their programs, enhancing the ability to detect errors 
in their source code can help streamline the assessment process. While 
the instructor may be able to manually catch these errors, it can be a 
time-consuming process when the class is large. Možina et al. (2018) 
proposed a semiautomatic assessment system to classify frequent stu
dents’ approaches and errors in their submission and to facilitate the 
interaction between the instructor and the system to further enhance 
the classification. The system takes student source code as input and 
transforms it to abstract syntax tree, where the patterns in the trees 
are used as model attributes. The study employed the argument-based 
machine learning (ABML) method, where expert and the model collab
oratively adjust the classification until the performance of the model is 
good enough. The final model achieved better accuracy that the models 
learned from human-defined features or from automatically extracted 
features. However, it is worth to mention that the ABML method can 
take a long time to reach the desirable performance because the model 
has to adjust based on the expert argument. Gupta et al. (2019) devel
oped NeuralBugLocator to identify bugs related to failing tests without 
the need to execute the program. Similar to the previous study, the 
source code was first represented as abstract syntax trees and the trees 
are passed through the convolutional neural network (CNN) to classify 
whether the source code will pass the test cases or not without running 
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the program. If the program is classified as buggy, bug localization will 
be performed to identify where the students should fix their code by 
comparing buggy program with the correct program.

Koutcheme et al. (2023) extended the previous works by incorpo
rating program repair algorithms in their method. The authors explored 
methods for automatic program repair to support debugging using edit 
distances and the ROUGE metric. When the students submit buggy so
lutions to the system, the system will run it through automated repair 
tools. The resulting repair options are then ranked based on how far 
each repair option is from the original code using a distance measure. 
Several distance measures were experimented in this study, e.g., string 
edit distance, sequence dit distance, and tree edit distance. The study 
also investigated the performance of using NLP metrics in ranking the 
repair candidates instead of traditional edit distance. The result from 
the experiment showed that the ROUGE score, originally developed for 
evaluating the performance of machine translation task, had desirable 
performance in evaluating and selecting repair candidate. This study 
highlights the strength of NLP metrics which is the ease of interpreta
tion.

4.2.3.4. Suspicious activity detection Programming skill, just like any 
other skills, can only be improved through practice. While the instruc
tor can encourage their students to consistently practice by providing 
several programming exercises, they cannot completely prevent the stu
dents from taking shortcuts, e.g., look at the solution on the internet 
or copy the code from their peers. Recent studies were conducted to 
automatically detect suspicious activities from students. Saoban and 
Rimcharoen (2019) proposed a model to identify the original copy of 
the source codes from the plagiarized programs. The difficulty of the 
plagiarism detection lies in the fact that it can be unclear which source 
codes is the original copy and which copies are the plagiarized version. 
The study synthetically created several plagiarized code from the so
lution to the programming exercises. Then, similarity score between 
two programs and other related metrics were calculated such as the 
number of similar lines and the number of similar tokens. The best per
forming model was decision tree, which can identify the original copy 
with 82.6% accuracy. Besides similarity score, Freire-Morán (2023) also 
investigated the abstract syntax trees (AST) of the source code in de
tecting plagiarism. The authors integrated machine learning algorithms 
into AC2, an open-source plagiarism detection, to detect similarities be
tween programs from the online judge system. The source codes were 
represented using ASTs and the trees are used to calculate the similarity 
metrics.

Besides plagiarism detection, it is also helpful for instructors to iden
tify other suspicious actions from their students by looking at how they 
interact with the learning management system. A model developed by 
Demidova et al. (2023) leveraged the messages generated from veri
fying students’ submissions in the Digital Teaching Assistant (DTA) to 
classify students into different types based on their behavior as well as 
detect suspicious students, e.g., those who only interact with the DTA 
system at the end of the semester. The hierarchical clustering was per
formed to identify high-level approaches the students take to complete 
the programming exercises. The authors also analyzed the timing of the 
student’s submission. If the students did not interact with the DTA sys
tem at all and then submitted every exercise on the last week of the 
semester, that student is considered suspicious. Extracted student ac
tivity features were also clustered using DBSCAN to identify patterns 
of suspicious students and typical motivated students. This study high
lights the utilization of activity log in computational education research 
which contains granular details that can be extracted into meaningful 
insights for the instructor.

4.2.3.5. Challenging concept identification As beginner students learn 
programming, they often make mistakes in their code because they 
misunderstand some concepts, e.g., memory management and pointers. 
While it is possible for the instructor to gauge which concepts are chal

lenging for the students, it can take time and experience for the instruc
tor to manually identify those concepts. Detecting errors in the source 
code also allows instructors to identify common challenges faced by stu
dents in learning computer programming. For instance, Liu et al. (2023) 
extracted frequent programming errors from students’ submissions and 
compared these errors across different groups of students based on their 
performance levels. Student source code was represented using abstract 
syntax trees (AST) and were clustered by DBScan algorithm. The linter 
messages for each cluster were extracted and visualized through word 
cloud. The resulting word cloud showed that low-performing students 
and efficient students face different issues in their code.

Similarly, Kerschbaumer et al. (2024) determined the importance 
of the concepts taught in the C programming course based on errors 
in student’s source code. The proposed framework ran five code analy
sis tools on students source code to extract several code metrics. Then, 
these metrics were used as features of the random forest classifier to 
classify the challenging concepts found in the source code. Since the 
aim of both studies in to automatically identify challenging concepts 
faced by students, feature extraction process was done through existing 
code analysis tool. Future research could potentially investigate alter
native approaches to extract specific features from the source code that 
cannot be produced by these tools.

4.2.3.6. Hint generation While programming exercises are essential in 
the learning journey, beginners may get stuck on these exercises because 
they do not know how to approach the problem. Providing hints for pro
gramming exercises can guide students to the correct answers without 
directly giving the answer to them, encouraging them to develop prob
lem solving skill. Traditional technique was employed by Lavbič et al. 
(2017), where a recommender system to automatically generate hints 
using past exercise solutions. The system’s goal is to ensure that the stu
dents are moving in the right direction. The proposed system employed 
a Markov Decision Process (MDP) to model student’s learning process. 
Specifically, the MDP encoded student’s knowledge from the submitted 
code and the traversal on MDP is used to identify the most appropriate 
hint.

Naturally, recent literature has utilized a more modern method in 
generating hints. Roest et al. (2023) explored the utilization of a large 
language model (LLM) to automatically generate a hint from a student’s 
source code. The study employed OpenAI’s gpt-3.5-turbo model for this 
experiment. The LLM was integrated with a web interface where stu
dents practice their programming skills through various exercises. The 
generated hints were evaluated by both the students and the experts on 
ten criteria, spanning from correctness and usefulness of the hint to the 
tone of the response. While LLM-generated hints still contain some level 
of misinformation, the hint is personalized for each student and is also 
specific on what the students should do next. While the power of LLMs 
in generating hint was exhibited in this study, there are several areas 
that future research can investigate further such as reducing misinfor
mation from LLMs and inferring student knowledge from the hints in 
order to develop student model.

4.2.3.7. Other applications It is clear that extracting appropriate fea
tures from student source code can streamline the process of assessing 
students’ abilities. However, the obtained literature contains some stud
ies that took a different angle in analyzing these data. For instance, Longi 
et al. (2015) attempted to identify students based on their typing pat
terns. The study defined three levels of typing patterns, where students 
can have one or more levels of typing patterns. These levels were used 
to measure similarity between students using Euclidean distance, and 
the nearest neighbor classifier was used to classify students in a test set. 
Although the authors noted that the experiment results did not reach 
the accuracy levels of other classifiers, this study explored the data that 
not many studies had utilized before.

Besides assigning grade to the source code, extracting higher level 
representation of student knowledge from source code has been ex
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plored. Beck et al. (2018) proposed a method to extract metacognition 
level of the students from their source code by looking at how the 
students structure their code. Specifically, the authors looked at how 
students use source code comment to communicate their thought pro
cess throughout the program. Meaningful comments can help students 
understand what the code should behave, which is very useful when 
they come back to review their code in the future. The multinomial lo
gistic regression was employed to classify student source code into three 
categories, namely unitization, every-line, and insufficient.

It can be difficult for beginner programmers to create the correct 
program from scratch. Terada and Watanobe (2019) explored a way 
to help alleviate this issue by developing a machine learning model 
that can perform code completion given the source code. The proposed 
method utilized Long Short-Term Memory (LSTM) network to predict 
within-vocabulary words and pointer network to predict identifiers in 
the source code. The method first normalizes the source code, constructs 
relevant vocabulary using pre-defined word groups, then converts the 
source code into sequence. Neural language model was used to predict 
the next words given the sequence obtained from the preprocessing step, 
then the switch classifier was used to determine whether the predicted 
word is within-vocabulary word or an identifier. This approach could 
be implement complementarily with the automatic grader to transform 
the source code into compilable code before garding.

It is important to note that integrating machine learning algorithms 
in the extraction of features from students’ source code helps instruc
tors assess students’ understanding and provide personalized feedback 
better and quickly. However, the success of students in computer pro
gramming courses does not depend solely on one specific assignment. 
Since students’ performance can differ across assignments for several 
reasons, instructors should keep track of students’ trajectories to sup
port their learning to ensure their success. The analysis of the obtained 
literature regarding this issue is provided in the next category.

4.2.4. Performance monitoring

Monitoring students’ performance poses challenges and complexi
ties to instructors that are different from the assessment and feedback 
process. While student’s academic performance and attributes such as 
exam scores, grades, and attendance are collected during their study, 
these data points reflect their past performance but not their future 
trajectories. Without predictive analytics, instructors can only provide 
defensive measures for students, e.g., allowing students to retake failed 
quizzes and exams, but not preventive measures that can help students 
overcome their challenges before reaching major academic milestones. 
While it is obvious that these tasks provide great benefits when they 
are performed at the early stage of the course, the main challenge lies 
in the lack of available data points to make accurate predictions. This 
translates to the use of machine learning algorithms to extract infor
mation from different sources to ensure predictive power on student 
performance.

4.2.4.1. Academic performance prediction Predicting student perfor
mance has been studied and explored extensively by researchers because 
it helps instructors grasp the overview of their class. Course grade and 
GPA were commonly used metrics in this application due to availabil
ity of the data. One of the commonly used data source in predicting 
academic performance is students’ prior academic performance, specifi
cally grades from other courses. Anthony and Raney (2012) developed a 
model to predict student’s performance given grades in all other courses 
by leveraging the fact that computer science curricula usually con
sist of a complex prerequisite structure in the form of a direct acyclic 
graph (DAG). The authors constructed a Bayesian network consisting of 
courses from the computer science curriculum where edges represent
ing prerequisite structure between the courses. The proposed network 
was able to predict the students’ grades given grade in all other courses.

Since Bayesian network requires independence assumption, other 
studies have investigated how to use other methods in predicting stu

dents’ performance instead. Krishna Kishore et al. (2014) incorporated 
students’ previous academic records, attendance, working nature, dis
cipline, and degree of intelligence in predicting students’ grade in the 
current semester. Instead of constructing a Bayesian net, the authors 
discretized the data and used these transformed data as features in the 
classifiers. After validating the performance of several classifiers, mul
tilayer perceptron (MLP) was found to have the best performance with 
97.37% accuracy, outperforming Naïve Bayes and decision tree. Simi
larly, Chiheb et al. (2017) also discretized the grade data to be used as 
targets for the classifier. Besides using grade as a target variable, the 
authors also included two additional target variables, namely success 
and diploma. Both targets are binary variables, where success indicat
ing whether the students will pass or fail the specific semester, while 
diploma indicating whether a student will graduate or not. Instead of 
the MLP, the study employed decision tree model due to its explainabil
ity. The proposed model achieved an average accuracy of 79.55% for 
predicting students’ grade.

Early prediction of students’ outcomes using students’ past academic 
performance enables instructors to provide targeted interventions to 
those whose predicted result indicate they may underperform in the 
course. Anand et al. (2018) proposed a recursive clustering technique to 
track students performance throughout the semester and to provide as
sistance for students who need further assistance in their study. The au
thors first implemented k-means clustering to group students into three 
clusters using their past academic performance and current coursework 
results. Clusters with low performance were given tailored learning re
sources. The students were re-clustered after two weeks of tailored sup
port to track students’ progress. This process was repeated three times to 
ensure that low-performing students have moved up to a better perform
ing cluster. After the intervention, the authors predict the outcomes of 
the test result using linear regression. This early prediction of students’ 
performance using their performance from previous courses were help
ful in providing additional supports.

Since the first year content serves as foundation knowledge that stu
dent needs to comprehend intermediate and advanced courses in the 
remaining years, it means that these courses are crucial in determining 
their final-year outcome. Based on this rationale, Tanuar et al. (2018) 
proposed to use students’ performance in the first semester to predict 
final-year GPA. The authors collected the grades from algorithm, En
glish, character building, programming language concepts, calculus, and 
discrete mathematics courses taken in the very first semester. The au
thors experimented predicting students’ final-year GPA with generalized 
linear model (GLM), deep learning model, and decision tree. The ex
periment showed that the deep learning model achieved the highest 
accuracy among the three models with 67.6% accuracy.

While previous work heavily relied on previous academic perfor
mance, Khan et al. (2021) expanded the set of attributes used in pre
dicting students’ performance to students’ basic information and current 
course load. Specifically, the authors included students’ gender, nation
ality, sponsorship status, declared major, as well as number of hours 
registered in the current semester in the prediction model. The study 
evaluated the classification performance between Naïves Bayes, Sup
port Vector Machines (SVM), k-nearest neighbors (kNN), and decision 
tree. The experiment showed that the k-NN classifier had the best perfor
mance with 80.9% accuracy. In a similar manner, Aziz et al. (2013) also 
incorporated students’ background information such as gender, race, 
parental income level, and hometown in the prediction process. The au
thors employed Naïve Bayes classifier to predict students’ first-semester 
GPA. Considering that there is no academic records for the first semester, 
students’ demographic is the only available data source so it was used 
as proxies for students’ academic performance. Khan et al. (2019) is 
another study that utilized students’ past academic performance in pre
dicting students’ final outcome. After feature selection process, students’ 
gender, CGPA, and score from the first test (accounted for 15% of the to
tal grade) were selected to the classification algorithm. The experiment 
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indicated that the decision tree achieved the best performance with 88% 
accuracy in predicting students’ final outcome.

While students’ past performance have been heavily utilized in the 
literature, it only reflected the outcomes from the past. Predicting stu
dents’ academic performance should incorporate more data related to 
students’ behavior and effort in learning the materials. As such, Ku
mar et al. (2016) collected several behavioral attributes of the students 
such as time spent on social networks, library usage, and problem solv
ing efficiency. The authors employed the M5P, a binary regression tree 
model, to predict students’ performance based on these behavioral at
tributes. The proposed model was evaluated against Adaboost, Naïve 
Bayes, RBF, and J48 decision tree. The experiment showed that the 
M5P model achieved the best performance with 97.17% accuracy. Us
ing behavioral attributes in the prediction process enabled instructors 
to provide actionable guidance to the students to adjust their specific 
behavior for better performance. Similarly, Raju et al. (2019) not only 
collected students’ demographic information but also their number of 
study hours per day and internet usage per day in the proposed method. 
The Naïve Bayes classifier was built to predict students’ performance. 
The proposed method was able to predict students’ performance with 
84% accuracy.

While behavioral attributes are essential in predicting students’ per
formance, manual data collection process such as survey and question
naire can be expensive and the data may be biased. As a result, literature 
have explored alternative approaches to extracting students’ behavior 
without relying on survey and questionnaire. For instance, Alzoubi et 
al. (2013) extracted student’s activity log from iList, an intelligent tu
toring system that is used to facilitate the learning of linked lists. The 
extracted activities were aggregated by counting the number of each ac
tions performed by each student. The extracted data was then used to 
predict students’ grade with logistic regression. The proposed method 
can successfully predict students’ grade with 87% accuracy. Similarly, 
Carter et al. (2015) also collected and extracted students’ actions from 
the IDE. The study captured and modeled the students’ behavior with the 
normalized programming state model (NPSM). The constructed NPSM 
accounted for 36% of the students’ final course grade. Moreover, the 
proposed method was found to be better at predicting student perfor
mance than the error quotient and Watwin score.

As many higher education institutions have been implementing 
learning management system (LMS) to facilitate the teaching and learn
ing experience, it is possible to extract students’ behavioral attributes 
and patterns from the data generated from the LMS. Sheshadri et al. 
(2018) extracted the interaction log from Moodle and WebAssign for 
discrete mathematics course and Java programming course to analyze 
students’ behavior and predict their final grade. It was found that the 
number of sessions generally increased near the assignment due dates 
and the exam dates, indicating that students were deadline-driven. 
Moreover, failing students generally had lower actions than those who 
pass the class. Logistic regression, decision tree, and k-nearest neighbors 
were evaluated in the performance prediction task. k-nearest neighbors 
classifier was found to have the best performance in predicting final 
grades for Java programming with F1 score of 77.78% course while de
cision tree was the better model for discrete mathematics course with 
F1 score of 80.77%. Qu et al. (2019) explored the use of MOOC log 
data to predict student performance and mastery of knowledge points. 
The authors extracted features related to assignment submission such 
as submission time, completion duration, and number of submissions 
that pass all test cases in the first try. The study formulated the problem 
to be a multi-task learning problem and employed a multi-layer long 
short-term memory (LSTM) model with mechanism for these problems. 
The proposed method was able to predict students’ performance with 
92.52% accuracy.

Besides LMS, students’ interaction with the version control system 
was also utilized in the literature to predict students’ performance. 
Guerrero-Higueras et al. (2018) extracted features from students’ inter
action with the GitHub classroom and used them to predict students’ 

performance. The extracted features included the total number of com
mits, the total number of days with commit operations, the average 
number of commit operations, the number of lines of code added, and 
the number of lines of code deleted. The authors evaluated the predic
tion performance among adaptive boosting, classification and regression 
tree (CART), k-nearest neighbors (kNN), linear discriminant analysis 
(LDA), logistic regression, multilayer perceptron (MLP), Naïve Bayes, 
and random forest. The random forest classifier was found to achieve 
the best accuracy of 0.8, outperforming other classifiers.

To fully leverage the behavioral attributes, it is important that the 
prediction results are explainable. To this tend, Pereira et al. (2021a) 
leveraged fine-grained interaction data from an online judge system to 
predict and interpret student performance. The authors analyzed several 
behaviors such as procrastination, time spent on programming, error 
rates, and submission patterns. The study employed XGBoost algorithm 
to predict whether the students will pass the class or not. The model was 
able to predict students’ performance with average accuracy of 81.3%. 
Moreover, the study used the SHAP framework to investigate the impor
tance of each features in the prediction result.

Submitting assignments and completing exams are not the only ways 
students interact with the course. Online forum is where students ask 
questions and share their ideas with the classmates. Literature has ex
plored the use of these interactions in performance prediction task. For 
instance, Yoo and Kim (2014) attempted to predict group project perfor
mance by investigating students’ roles in online discussion. Specifically, 
the authors analyzed linguistic features and participation patterns with 
Linguistic Inquiry and Word Count (LIWC) and Coh-Metrix. Support 
Vector Machines (SVM), decision tree, and Naïve Bayes were evalu
ated in classifying students into information-seeking and information
providing. SVM was found to be the best performing model for role 
classifier. Moreover, those with information-providing behavior was 
found to perform better than those with information-seeking behavior. 
Similarly, Ulloa-Cazarez et al. (2018) proposed to incorporate students’ 
forum activity such as the number of times the students view the fo
rum, post messages in the forum, and created the forum threads. The 
study evaluated the prediction performance among genetic program
ming, linear regression, and polynomial regression. The result showed 
that genetic programming was more accurate in predicting students’ per
formance using interaction log than the other models.

For some blended learning courses, instructors may provide addi
tional learning materials as videos or even provide video lecture on 
core concepts. In these circumstances, students’ interaction with video 
resources can be extracted and used as predictors for academic perfor
mance. To this end, Matetic (2019) extracted and aggregated students’ 
actions on video lecture in programming course. Specifically, the au
thors count the number of views of the video lecture for each students, 
and included them in the set of features alongside quiz scores, lab scores, 
and lecture scores. Artificial neural networks (ANNs) were employed 
to predict students’ final course grade. The model achieved 96% accu
racy in predicting course outcome. Moreover, the authors utilized Local 
Interpretable Model-agnostic Explanations (LIME) method to explain 
the model’s prediction results. The results indicated that video views, 
although having small predictive power on final grade, can help identi
fying students who need additional support from the instructor.

An even finer data than interaction log that has been utilized in pre
dicting student performance is keystroke data. This is not an unexpected 
data source since students who are struggling with programming exer
cises may have different typing patterns than those who perform well. 
Hence, typing patterns may be correlated to academic outcome of the 
students. As such, Leinonen et al. (2016) collected students’ keystroke 
data from the IDE and exclude activities that change the code by more 
than one characters to investigate the predictive power of keystroke data 
on students’ performance in Java programming course. Random for
est classifier was selected over Bayesian network in predicting students’ 
final exam performance. However, Bayesian network outperformed ran
dom forest classifier in distinguishing beginner programmers from expe
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rienced programmers. Edwards et al. (2020) extended the previous work 
by investigating differences in keystroke data between programming 
languages by collecting the keystroke data for Python programming 
course and Java programming course. The authors identified the most 
frequent character pairs, i.e., digraphs) and their average latencies. The 
random forest classifier was trained to predict whether the students’ 
score will be in the top half of the class or not. The resulting model can 
predict students’ performance with 62% for Python course and 72% for 
Java course. However, the predictive power of the digraphs was small 
to moderate. Thus, there should be further context-specific fine-tuning 
of the classification algorithm to improve the model performance.

While there are several attempts to extract students’ behavior and un
derlying attributes that correlate with the academic performance, some 
studies proposed to treat these attributes as latent attributes that can
not be directly measured. Specifically, the item response theory (IRT) 
was used to model the relationship between these latent attributes and 
students’ responses to the questions. For instance, Navrat and Tvarozek 
(2014) proposed the use of IRT to estimate students’ latent attributes 
with IRT and to map the estimates with the final grade. The estimation 
of students’ latent ability relied on the correctness of the programming 
exercises submitted to the online learning environment. The correct
ness status of every programming assignments were given to the logistic 
regression to estimate students’ latent abilities based on the problem 
difficulty. Students were then ranked according to the estimated latent 
abilities and were matched to the final course grades. Wang et al. (2017) 
extended the item response theory by incorporating Bayesian knowledge 
tracing (BKT) in predicting student performance. Instead of lab ques
tions where students have to submit their source code to the system, 
this study applied IRT on blankfilling and multiple-choice questions. 
The results from the IRT were used as students’ initial knowledge, while 
BKT was employed to track students’ knowledge over time through guess 
parameter, slip parameter, and learning rate. The proposed method was 
able to predict students’ performance with 82% accuracy, outperform
ing models that use IRT and BKT separately.

Besides the aforementioned data sources that have been heavily uti
lized in the literature, recent studies have investigated additional data 
sources that could facilitate the prediction of students’ performance even 
further. For instance, Sagala et al. (2022) incorporated extracurricular 
activities that the students participate with students’ demographic and 
past academic performance. The extracurricular activity features were 
four binary variables indicating whether the students participate in each 
type of extracurricular activity or not. This study found that logistic re
gression achieved the best performance with 91% accuracy. Farghaly 
and El-Kafrawy (2023) is another study that introduced new data source 
in predicting students’ academic performance. Instead of using prior 
academic achievement, the study employed a spatial rotation test and 
non-verbal reasoning test, taken at the beginning of the semester, to 
predict students’ grade at the end of the semester. The spatial rotation 
test was adapted from the PSVT-R, which is a spatial visualization test 
used to measure the mental rotation of the 3D items. The non-verbal 
reasoning test was adapted from Kent University’s non-verbal reasoning 
test, where participants were asked to find the next item in the series 
of images. Multiple linear regression was used to predict students’ final 
outcome. The study found that predictive model performed better when 
no aggregations were performed on the test scores.

4.2.4.2. At-risk student identification Identifying low-performing stu
dents, i.e., at-risk students, has been an important task for instructors. 
Since advanced computer programming concepts often requires solid 
understanding of basic concepts, students who are struggle to grasp 
the basic will not be able to completely understand these advanced is
sues. By identifying those who are at risk or need assistance, instructors 
can provide support from the early stage to prevent confusion in the 
future. Basic information of students have been widely used in the lit
erature to predict at-risk students. Singh et al. (2014) and Nabil et al. 
(2021) both used students’ prior academic achievement in the classifi

cation. Singh et al. (2014) investigated how students’ prior experience 
before attending the university impact their academic performance in 
the second year of the study. The study incorporated students’ demo
graphic, parents’ information, high school academic performance, and 
attributes related to their study in the university such as attendance and 
their assignment score in the model. Naïve Bayes Classifier was used 
to predict whether students will pass or fail the course. While Nabil et 
al. (2021) also conducted similar experiment, the authors used students’ 
grade from their first academic year instead of high school academic per
formance. The study focused on the pass/fail result of the data structure 
course because it is one of the prerequisites for other intermediate and 
advanced courses in computer science. The experiment compared the 
classification performance between traditional machine learning mod
els, namely k-nearest neighbor (kNN), Support Vector Machine (SVM), 
logistic regression, and decision tree, and deep learning models. The 
experimented showed that deep neural network performed better than 
traditional models in identifying at-risk students at the early stage of the 
semester with 89% accuracy.

Sometimes demographic data may not be available to the researcher 
due to several reasons, e.g., data privacy. University administrative data 
such as students’ course load for the semester is more accessible in some 
cases because it does not contain students’ private information. Ochoa 
(2016) faced the issue of data availability and decided to use students’ 
average grade from the previous courses and students’ course load in 
classifying at-risk students. In this study, the author proposed a multi
level clustering model to cluster students based on these two features. 
An adaptation strategy was implemented to ensure that the clustering 
model has high enough specificity to detect at-risk students while main
tain the particular size of each cluster. Brier score was used to measure 
the performance of the clustering model, where lower Brier score in
dicate more accurate prediction. The experimented showed that the 
adaptive multi-level clustering model performed better than the static 
model.

Another data source that is accessible to the instructor is exam and 
assignment score. Erickson (2019) collected grade from previous com
puter science courses, score of the first homework, and score of the first 
midterm exam to predict students who are at risk. The reason why this 
study decided to use these data is that identifying at-risk students should 
occur at the early stage to allow instructors to intervene early, thus the 
classification should rely on little prior data to make the data collec
tion process more efficient for the instructors. The evaluation process 
compared the performance between linear regression and logistic re
gression, where linear regression will take every attributes as inputs 
while logistic regression will have several variants based on the number 
of model inputs. The experiment result showed that the logistic regres
sion with only the score of the first homework as input is sufficient to 
identify at-risk students early in the semester. Similarly, Vives et al. 
(2024) also utilized exam scores and assignment scores alongside de
mographic data in predicting at-risk students. The study implemented 
Generative Adversarial Network (GAN) and Synthetic Monitory Over
sampling Technique (SMOTE) to handle class imbalance in the dataset. 
The authors compared the classification performance of several tradi
tional machine learning models and deep learning models, namely deep 
neural network and LSTM. Classification was done at week seven, eight, 
twelve, and sixteen. The experiment result showed that LSTM with GAN 
had the best performance with 98.3% accuracy. This study not only 
highlight the capabilities of early detection system but also tools for 
dealing with class imbalance, which is a common issue in at-risk stu
dent identification task.

Similar to the task of predicting student performance, literature has 
explored approaches to collect and extract student behaviors from var
ious sources. By introducing and incorporating new data sources to the 
model training, it can provide instructors new understanding of the pat
terns of low-performing students. One example of new data sources 
is interaction log. Azcona and Smeaton (2017) collected programming 
submissions and interaction logs from the virtual learning environment 
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(VLE) from a 12-week course to predict whether the students will pass 
the next laboratory exam or not. Specifically, one classifier was trained 
each week, and the target is to predict the result of the upcoming exam. 
For classifiers from the first week to the sixth week, their target is the 
result of the midterm exam, while classifiers from the seventh to the 
twelfth week will predict the result of the final exam. After training and 
validating several traditional models, logistic regression was found to 
have the best performance. Similarly, Costa et al. (2017) also incorpo
rated activity log in their classification algorithm, but they extended 
the classification to cover both distance learning and on-campus learn
ing. Due to differences in mode of learning, different activities were 
extracted for distance learning and on-campus learning. Examples of 
activities collected in the distance learning are participation in the dis
cussion forum, number of times the students viewing the file, and the 
use of educational tools. After the empirical evaluation, Support Vector 
Machine (SVM) was found to outperform other classifiers. Since compil
ing and testing are integral parts of the programming learning, Richards 
and Hunt (2018) analyzed students’ behavior on BlueJ by tracking their 
actions such as editing, compiling, and testing. The authors developed 
the normalized programming state model (NPSM) specific to the BlueJ 
platform that the students used. The constructed NPSM was then evalu
ated on real dataset. The result showed that, while the proposed model 
still lack in predictive abilities, the proposed model can capture contexts 
specific to the BlueJ IDE.

Shrestha and Pokharel (2019) approached this issue as both clus
tering task and classification task. k-means clustering was used to group 
students into six clusters based on their number of clicks, number of quiz 
attempts, and number of completed activities. Instead of using binary 
outcome, the authors formulated the classification problem to be multi
class classification instead. Specifically, the SVM was trained to classify 
students into three groups, namely high, medium, and low. Similarly, Au 
et al. (2022) also approached this task as a multi-class classification. The 
study included the activity log, prior programming background, and de
mographic information in their classification algorithms. Two datasets 
were developed to evaluate the classification performance. The differ
ence between the two datasets is the features of activity log. The features 
in the first dataset contain fine-grained action of the students while the 
features in the second dataset were aggregated. The best performing 
model for both datasets were the random forest. Since activity log often 
contains several activities recorded by the system, Buschetto Macarini 
et al. (2019) classified the recorded activities into four dimensions, 
namely cognitive, social, teaching, and other. The authors proposed that 
these dimensions are critical elements needed for a successful computer
assisted educational experience. The authors also experimented with 13 
sets of features consisting of a combination of activities from these four 
dimensions in classifying at-risk students. The experiment used the data 
from four semesters to evaluate the performance of the classification al
gorithms. While the model performance varied among each dataset, the 
best performing model were able to detect at-risk students in the first 
week of the course with AUC ROC of more than 0.7.

While it is possible to extract alarming patterns from various sources 
of data, incorporating students perception of their own ability in the 
model can be beneficial. Veerasamy et al. (2021b) combined assign
ment and exam scores with two self-assessment surveys results, namely 
the problem-solving inventory questionnaire and the prior programming 
knowledge survey, intending to reflect students’ inherent information in 
classifying at-risk students. The problem-solving inventory (PSI) ques
tionnaire consists of 32 questions, measuring individual self-perception 
of problem-solving ability. The prior programming knowledge (PPK) 
survey aims to measure students’ perception of their prior knowledge 
in programming. In the survey, the students were also asked to put 
the names of the programming languages that they had learned. The 
best performing model used the result from the PSI questionnaire and 
formative assessment tasks in predicting at-risk students, with 70.91% 
accuracy.

The issue of external validity of the classification algorithms in at
risk student identification task is prominent. Since previous studies 
utilized data sources that are relevant to their context or local demo
graphics, it can be difficult to implement the findings from the literature 
in other environments. To address this gap, Arakawa et al. (2022) pro
posed the framework to identify struggling students using features that 
are agnostic to courses and contexts. The study collected submission in
formation, GitHub commits for each submission, and automated testing 
results and extracted eight features that will be used in the classifica
tion algorithms. Since the collected data is sequential, recurrent neural 
network and long short-term memory were employed and evaluated. 
The experimented showed that wide LSTM had the best performance in 
identifying at-risk students, with AUC ROC of 0.922.

While previous works primarily focused on individual-level data 
such as assignments and self-assessments, the method proposed by 
Petkovic et al. (2014) investigated the activity data from group projects 
instead. The study analyzed the activity for the group projects on several 
measures such as time spent on meetings, number of email exchanges, 
and quality of the repository commits. The random forest classifier was 
employed to predict the group outcomes, identifying groups that are 
likely to fail. After the empirical evaluation, the authors found that 
group dynamics and collaboration metrics were useful in predicting fail
ing teams in the early stage of the semester.

With the increasing discussion of explainable AI, literature. Quille et 
al. (2023) highlighted the importance of explainability and transparency 
in educational AI models and developed the Predict Student Success 
(PreSS) model, which designed to identify low-performing students. The 
proposed method used programming self-e˙icacy, mathematics perfor
mance, and time spent playing computer games as inputs. Decision tree 
was employed in this study due to its explainability. Moreover, sub
group evaluation was conducted to address algorithmic biases in the 
model.

4.2.4.3. Dropout prediction An extreme case of monitoring students’ 
academic performance is to identify dropout among students. Student 
attrition can be measured in university level, program level, and course 
level. In this application, feature importance plays an important role 
in understanding the model result. As a result, tree-based models were 
used in the literature thanks to their explainability. Pereira et al. (2019) 
proposed a method to predict student dropout using data from the first 
two weeks of the semester. In this study, dropout is defined as having 
an attendance rate of less than 75% in the introductory programming 
course. Five features were extracted from the online judge and were used 
in predicting student dropout, namely number of logical lines for each 
submission, number of test cases passed, number of test cases passed 
for submissions with more than 50 log lines, number of student logins 
between the beginning and the end of a session, and keystroke latency 
of students. Decision tree C4.5 was used to classify dropout students 
from these features with 80% accuracy. The study found that students 
who are committed to learning, i.e., regularly solve problem sets and 
access the online judge system, usually complete the course. Naseem 
et al. (2019) explored student attrition prediction task at the program 
level. The study collected students’ demographic data, prior education 
background, and financial data from the university database, and col
lected students’ interaction with the learning management system and 
assessment information from Moodle. The study employed the random 
forest classifier to predict students who will dropout from the computer 
science programs during their first year of study. The classification re
sult indicated that students’ academic performance from introductory 
programming courses was found to be the most important predictor for 
dropout in computer science students.

Those students with high risk of dropout should exhibit some pat
terns that are different from those who intend to stay. Recent study 
from Triayudi et al. (2021) proposed a complete linkage dissimilarity 
increment distribution-global cumulative score standard (CLG), which 
is a combination of complete linkage (CL) algorithm, dissimilarity incre
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ment distribution (DID) algorithm, and global cumulative score standard 
(GCSS) algorithm, to predict dropout risk. The study collected log data 
from UNIX commands and source code editing during the programming 
classes and used them for the clustering task. After the empirical evalua
tion, it was found that students with minimal command inputs or sudden 
spikes in activity were more likely to be identified as at risk. This indi
cated that detecting outlier in behavioral patterns of students can be 
used to identify students that need further investigation or assistance 
from the instructor.

4.2.4.4. Knowledge tracing While exercises and exams were tradition
ally used to assess students’ knowledge at a point in time, sometimes 
instructors are interested in understanding the trajectory of students’ 
knowledge over time. Knowledge tracing refers to the estimation of 
students’ knowledge over time using historical performance. This is a 
relatively new field with promising benefits to both instructors and stu
dents because it can be used to understand students’ progress in the 
course. One of the easiest to track students’ knowledge is to look at their 
attempts in completing the exercises since there are clear rubric in eval
uating the exercises. Jiang et al. (2020) proposed an approaching index 
to measure the similarity between the student’s intermediate submission 
and the perfect solution, and tracked this index over time to represent 
student’s learning path. The approaching index is the minimum tree edit 
distance between student’s source code and the optimal solution. The 
approaching index was tracked and stored in a sequence for each exer
cise, and was used as a feature in predicting whether the student will 
successfully complete the next exercise. The authors conducted empir
ical evaluation between logistic regression, where approaching index 
sequence was aggregated into one score, and recurrent neural network, 
where the entire approaching index sequence was used as an input. Com
pared to other baseline models, the proposed models performed well in 
classifying failing students, and were the only two models that were able 
to correctly identifying more than 60% of the failing students.

Kantharaju et al. (2022) conducted a knowledge tracing task on a 
parallel programming educational game by extracting a player’s ac
tions to predict a student’s problem-solving strategy, i.e., trial and error, 
single-thread problem solving, and multi-thread problem-solving. The 
game was designed to help students learn and practice the concepts of 
parallel programming through visual representation. Real-time teleme
try data regarding players’ actions were collected throughout the level, 
and then divided into fixed-size time windows for feature extraction. 
Then, the system detect whether the player successfully apply a certain 
skill in the level by using the features extracted from the previous step 
as input to the classifier, and domain knowledge rules set by the experts. 
Lastly, the classification result, the domain knowledge rules, and skills 
required for the current level are used to update player’s knowledge. 
Empirical evaluation was conducted to evaluate classification perfor
mance of several machine learning models. The experiment showed that, 
tree-based models have the best performance when the features do not 
contains the domain knowledge rule, while Naïve Bayes performed the 
best when incorporating both action features and rules.

Although previous studies explored knowledge tracing of questions 
or tasks that have pre-defined answers, Liu et al. (2022) expanded the 
knowledge tracing task to open-ended questions. Open-ended knowl
edge tracing (OKT) consists of knowledge representation, knowledge 
estimation, and response generation. Knowledge representation focuses 
on converting the questions and students’ submissions to continuous 
representations. The study utilized GPT-2 to encode the questions and 
ASTNN to embed students’ submissions. Knowledge estimation, on the 
other hand, estimates students’ current knowledge using their past in
formation. This study implemented a long short-term memory (LSTM) 
model to update students’ current knowledge level by taking the con
catenation of question embedding and submission embedding as input. 
Lastly, response generation will predict the student code based on their 
estimated current knowledge level. The base GPT-2 was fine-tuned into 
a text-to-code model to predict the student’s code for the given ques

tion. In essence, OKT uses students’ current knowledge extracted from 
previous submissions to predict their solution for the next question.

4.2.4.5. Student behavior classification Besides students’ knowledge, 
machine learning can be used to extract students’ behavior from dif
ferent data sources. Student behavior cannot be simply measured by 
grade or attendance, since these measures are not designed to compre
hensively capture student’s behavior. Student’s behavior can span across 
multiple dimensions, and extracting behavior from rich data source can 
provide insights that traditional metrics cannot. One data source that 
can be used to extract student’s behavior is their interaction with the 
learning management system since it contains fine-grained data that 
can be translated to their behavior. McBroom et al. (2016) clustered 
students’ submission activity logs from an auto-grading system into six 
groups and tracked the change in students’ behavior over time. Features 
related to submissions such as percentage of early submissions, percent
age of late submissions, and number of attempts in fixing compilation 
errors were used to cluster the students. The resulting cluster criteria 
were then used to track students across the semester to see if there’s any 
evolution in the learning behavior. The proposed method was found to 
be beneficial in identifying common student behavior each week.

Besides submission activity, behaviors can also be extracted from 
how students view the learning resources. Poon (2019) extracted stu
dents’ access patterns, enabling the discovery of their behaviors, which 
can be used as input for exam score prediction. The author utilized the 
hierarchical latent tree analysis, a method traditionally used for topic 
modeling, to capture occurrences of access to learning resources and 
group similar learning resources together. The study also conducted em
pirical evaluation of the proposed method by using the pattern tree as 
features in the academic performance task. The experimented showed 
that, by incorporating the features extracted by the proposed method, 
the prediction model had significantly better performance than other 
baseline models.

Chen et al. (2022) leveraged students’ activity logs from Python 
MOOCs to identify and predict students’ outcomes, identify factors con
tributing to their outcomes, and create students’ profiles. The study 
utilized clickstream data from more than 500 students containing nu
merous actions such as play the video, pause the video, submit the 
assignment, etc. from a Python programming MOOC. Since the click
stream data is continuous, k-means clustering algorithm was used to 
discretized the time intervals and n-gram extraction was used to model 
behavioral sequences of the students. These patterns were then em
ployed as features for predicting student academic performance. The 
study found that some behaviors, such as help-seeking behaviors, eval
uation behaviors, and study behaviors have positive relationship with 
academic performance.

4.2.4.6. Learning style classification It is also possible, and sometimes 
necessary, for instructors to understand students’ learning styles. Learn
ing styles describe how students handle and interpret information in 
learning environments. Traditionally, questionnaires were employed to 
gather information about student’s learning style. For instance, Yusoff 
and Najib Bin Fathi (2018) employed a VAK survey to collect students’ 
information and incorporated it with their academic performance to 
classify students into three learning styles: visual, auditory, and ki
naesthetic. The authors experimented with several clustering algorithms 
such as k-means clustering, DBSCAN, and hieararchical clustering in 
clustering the questionnaire results. The experimented indicated that 
it is possible to determine student learning styles from the data. Instead 
of the VAK survey, Karagiannis and Satratzemi (2019) collected student 
learning preference using the index of learning style (ILS) questionnaire 
and incorporated the results as ground truth in the classification model. 
Patterns of behavior were extracted from Moodle and several classi
fiers were trained to classify the learning style. Experiment showed that 
Bayesian network and decision tree can detect student’s learning style 
earlier and more accurately than other classifiers.
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Besides determining which learning styles are preferred by each stu
dent, understanding how students react can help instructors plan in
terventions that are appropriate to their styles. Feklistova et al. (2020) 
investigated how MOOC learners overcome difficulties in learning pro
gramming, analyzing data from 580 students who completed the MOOC 
course. pre-course and post-course questionnaires on demographics, 
prior experience, and actions taken when faced with challenging pro
gramming exercises. The authors implemented k-means clustering al
gorithm to group these results and found that demographic had little 
impact on student’s learning strategy, while prior experience in pro
gramming and web-based education influence how students solve prob
lems.

4.2.4.7. Other applications While grade is one of the commonly used 
metrics in education and research, it may not be able to fully capture 
student’s competency in certain skills. Understanding of student’s pro
gramming competency can help instructors plan and adjust their content 
and exercises to be appropriate with the student’s competency through
out the course. Somasundaram et al. (2015) viewed this problem as a 
Multi-Criteria Decision Making (MCDM) problem. The study proposed 
a classification system that can classify students into their correspond
ing proficiency level in programming languages. The Analytic Hierarchy 
Process (AHP) was used to analyze student’s interaction with the inte
grated development environment (IDE). The classification method takes 
these programming-related data as input and output the expertise level 
that is more relevant to each student. Another approach proposed by 
Silva et al. (2024) in determining student’s competency is to implement 
clustering algorithm on student’s source code. In order to cluster stu
dents based on their skill level, 23 hand-crafted features representing 
programming skills were defined and were used in the feature extraction 
process. After performing the clustering, the cluster midpoint calcula
tion was conducted to further analyze each cluster.

Another important aspect in programming is teamwork. Usually, 
programmers work together on the same code base. Hence, ability to 
work together is crucial for every programmer. Gitinabard et al. (2023) 
analyzed the use of commit messages in student’s GitHub repositories to 
investigate how students work together. Commit messages were classi
fied into its types, e.g., merge commits, documentation commits, bug fix 
commits, test case commits, etc. Teamwork style classifier was trained 
using several features related to the commit messages such as percentage 
of commits for each user, length of commit messages, and total number 
of pair programming commits. Decision Tree with bagging was found to 
have the best performance in classifying teamwork style. This is the only 
study that utilized the GitHub’s commit messages in the analysis, high
lighting the opportunities to incorporate this or other alternative data 
source in future studies when the emphasis is on student’s behavior.

It is worth noting two observations from this analysis. Firstly, there 
are numerous applications of AI and ML in teaching and learning com
puter programming. Examples of their applications include personalized 
learning, virtual assistant, assignment grading, feedback generation, 
academic performance prediction, and at-risk student identification. 
Secondly, there are notable advancements in the field, namely, the in
vestigation of new data sources and the exploration of new applications. 
New data sources have been utilized to extract new information from 
the students, e.g., video (Behera et al., 2020) and log data (Chen et al., 
2022). With the advancement in computational capabilities, recent lit
erature has tackled how these new capabilities can be applied to new 
tasks such as developing lesson plans (Rahman & Watanobe, 2023) as 
well as mapping course outcomes and program outcomes (Sengupta & 
Das, 2023).

4.3. RQ3. Which AI and ML techniques were used in teaching computer 
programming courses?

This research question concerns the implementation of the appli
cations discussed in the previous research question. In contrast to the 

Fig. 5. Number of articles retrieved using machine learning methodology, 2012
2024.

previous research question, the focus of this research question is given 
to the models, algorithms, and related techniques proposed in the lit
erature. One may view this research question as an extension of the 
previous research question. Now that we know how AI and ML can be 
used in the classroom, it is time to take a closer look at the method
ologies of the studies. Since the field of AI and ML consists of several 
techniques, the author categorizes the techniques into three categories, 
namely, traditional machine learning, deep learning, and explainable 
AI.

Although several machine learning techniques have been used in 
the literature, it is not unexpected that recent literature utilized more 
advanced machine learning algorithms in their work rather than tradi
tional algorithms. As illustrated in Fig. 5,3 while the majority of the pub
lications utilized traditional machine learning algorithms, there have 
been an increasing number of scholarly articles that adopted deep learn
ing as their main methodology.

Before 2018, every obtained literature employed traditional machine 
learning algorithms as their methodology, except for Krishna Kishore 
et al. (2014) which employed multi-layer perceptron (MLP) to predict 
students’ final grade. The use of deep learning models began in 2018 
where deep learning model was used to predict students’ academic per
formance (Tanuar et al., 2018) and perform knowledge tracing (Jiang 
et al., 2020). 2018 is also the year in which new applications were 
proposed in the literature, including but not limited to, feedback genera
tion (McBroom et al., 2018) and knowledge tracing (Jiang et al., 2020). 
Moreover, the increase usage of traditional machine learning algorithms 
in 2019 came from an increase in publications regarding virtual assis
tant (Hobert, 2019; Saini et al., 2019) and at-risk student identification 
(Lobanov et al., 2019; Rubio-Manzano et al., 2019). In 2019, deep learn
ing models, which were initially employed in academic performance 
prediction, were also introduced in assignment grading (Rezende Souza 
et al., 2019), code completion (Terada & Watanobe, 2019), and source 
code error detection (Gupta et al., 2019).

As discussed in section 4.1, the significant fall in the number of 
obtained articles in 2020 was due to the impact of COVID-19 to the 
research production. Nevertheless, the number of literature recovered 
and returned to the similar level in 2023. It is noteworthy that the use 
of deep learning models between 2021 and 2022 were similar to those 

3 The small number of articles in 2024 is due to our data collection being 
limited to the period between January 1st and April 9th, 2024.
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Table 5
Traditional machine learning algorithms proposed in 
the literature.

Traditional Machine Learning Number of publications 
Tree-based models 22 
Clustering algorithms 18 
Natural language processing 14 
Logistic regression 8 
Naïve Bayes Classifier 5 
Support Vector Machines 4 
Linear regression 2 
Other 16 

in 2019. That is, literature employed deep learning models in the assess
ment and feedback category and the performance monitoring category. 
However, literature in 2023 began to explore the power of deep learning 
models in the course design category and the classroom implementation 
category thanks to the introduction and popularization of large language 
models (LLMs). The discussion dedicated to the transformer-based mod
els will be covered later in this subsection.

4.3.1. Traditional machine learning

Numerous traditional machine learning algorithms and models have 
been employed in the field of computer programming education. Table 5
summarizes the proposed methodologies from the retrieved articles. If 
the papers employed more than one algorithm, only the best algorithms 
are presented in this table. If the paper utilizes different machine learn
ing algorithms on different tasks within the paper, the best-performing 
model for each task is presented in the table. While researchers have 
utilized several traditional machine learning algorithms in their studies, 
tree-based models, clustering algorithms, and natural language process
ing are most employed compared to other models. As a result, the dis
cussion in this section will emphasize these three families of machine 
learning models.

Among every traditional machine learning algorithm, tree-based 
models were most used by researchers in numerous tasks. Specifically, 
tree-based models were often implemented to predict student perfor
mance (Kumar et al., 2016; Khan et al., 2019; Pereira et al., 2021a) and 
identify at-risk students (Buschetto Macarini et al., 2019; Ainapure et 
al., 2022; Quille et al., 2023). Recall that both tasks were common re
search topics before 2020. This signifies the importance of tree-based 
models as a main contributor to the research landscape before 2020. 
Despite the shift in the research topics after 2020, tree-based models re
mained relevant in the field. Beyond academic performance prediction 
and identification of low-performing students, tree-based models were 
used to perform knowledge tracing (Kantharaju et al., 2022) and identi
fying challenging concepts in programming course (Kerschbaumer et al., 
2024). Moreover, a tree-based model has been implemented alongside 
transformer-based models to categorize programming problems (Pereira 
et al., 2021c).

On the other hand, clustering algorithms were frequently imple
mented in both assessment and feedback and performance monitoring 
categories. Clustering algorithms such as k-means and Expectation Max
imization (EM) were utilized in grading programming assignments by 
clustering students’ source code files based on program-specific features 
(Stankov et al., 2013; Barbosa et al., 2018; Angelovski et al., 2021; 
Acuna & Bansal, 2022). Researchers have employed clustering algo
rithms on other data sets beyond source code in other tasks. For instance, 
students’ log data was clustered to classify their behavior patterns (McB
room et al., 2016; Chen et al., 2022). Moreover, clustering algorithms 
were also employed to predict student achievement (Anand et al., 2018; 
Khan et al., 2021) and identify at-risk students (Ochoa, 2016; Shrestha 
& Pokharel, 2019).

Recently, researchers have explored the use of natural language pro
cessing in classroom implementation and assessment and feedback cat
egories. According to the search result explained in Section 3, literature 

Table 6
Deep learning algorithms proposed in the literature.

Deep Learning Technique Number of Publications 
Transformer 12 
Long short-term memory 5 
Multilayer perceptron 4 
Convolutional neural network 4 
Other 5 

on the utilization of natural language processing in computer program
ming education began in 2019. Compared to tree-based models and 
clustering algorithms, which have been the main methodologies dur
ing 2014-2016, it can be deduced that natural language processing is 
one of the prominent research methodologies in the contemporary re
search landscape. The two most common implementations of natural 
language processing include feedback generation (Rubio-Manzano et al., 
2019; Duong et al., 2022) and virtual assistants (Hobert, 2019; Saini et 
al., 2019). Beyond these common applications, recent studies have ex
plored natural language processing in assignment grading (Wong et al., 
2020; Arhandi et al., 2023) as well as content personalization (Rathore 
et al., 2021; Huang et al., 2021).

Traditional machine learning algorithms have been utilized by past 
literature and are also being leveraged in recent studies. This reflected 
the importance of these algorithms as benchmarks for new studies. 
Moreover, the shift in methodology choice from tree-based models and 
clustering algorithms to natural language processing signifies the shift 
in the research landscape towards the understanding and the genera
tion of natural language to aid the teaching and learning of computer 
programming.

4.3.2. Deep learning

With advancements in computational capabilities, researchers have 
been implementing several deep-learning models in the literature. This 
is especially true for transformer-based models such as ChatGPT and 
BERT. Table 6 summarizes different deep learning models proposed in 
the retrieved article in a similar manner to the traditional machine learn
ing algorithms. Based on this table, transformer is the most popular 
methodology employed in the literature. Other deep learning models, 
i.e., long short-term memory (LSTM), multilayer perceptron (MLP), and 
convolutional neural network (CNN), have also been used in the litera
ture.

Researchers have shown interest in grasping the power of LLMs in 
different research fields, and computer programming education is no ex
ception. Tasks that traditionally cannot be performed by computers are 
being experimented with LLMs. For instance, the instructor generates 
programming questions and questions regarding computer program
ming concepts, which are usually done with several revisions. Sarsa et 
al. (2022a) proposed a method to utilize LLMs in creating programming 
questions and corresponding code explanations. Questions generated by 
LLMs such as ChatGPT were found to be of high quality by students 
(Speth et al., 2023). Beyond coding questions, LLMs were also experi
mented on generating multiple choice questions corresponding to differ
ent learning objectives (Doughty et al., 2024). Rahman and Watanobe 
(2023) explored the capabilities of ChatGPT in several tasks, including 
lesson plan development, programming question generation, and chat
bot. These applications reflect the capabilities of LLMs that should be 
further investigated to understand their potential and limitations fully.

The use of long short-term memory (LSTM) models concentrated in 
the performance monitoring category. Recall that major applications in 
performance monitoring, i.e., academic performance prediction and at
risk students, heavily relied on tree-based models in the past. The intro
duction of LSTM to these topics broadens available tools and computing 
capabilities. Arakawa et al. (2022) attempted to use LSTM to identify at
risk students early in the semester. The resulting model achieved a mean 
AUROC of greater than 0.7 with just 2.43 days of data on an assignment 
that lasted for 14 days. Multi-task multi-layer LSTM was used to predict 
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students’ performance according to their log data from MOOCs with 
92.52% accuracy (Qu et al., 2019). LSTM was also proposed to perform 
knowledge tracing on students’ source code with an AUC-PR curve of 
0.9807 (Jiang et al., 2020).

Similar to LSTM, the multilayer perceptron (MLP) model was used in 
performance monitoring. Matetic (2019) developed a feed-forward ar
tificial neural network to predict students’ grades based on their scores 
and their interaction with video lectures. While the feature for watch
ing video lessons provided weak support on the prediction outcome, 
it helps to identify struggling students during the exploration process. 
Nabil et al. (2021) was able to identify students at risk of failing a course 
at an early stage of the semester with 89% accuracy. Recently, Liu et 
al. (2024) proposed a programming exercise recommender system that 
keeps track of students’ behavior and knowledge and then recommends 
appropriate exercises for the students.

Convolutional neural network (CNN) has been applied to extract 
information from various sources. For instance, Rezende Souza et al. 
(2019) implemented a CNN to grade students’ submissions with 74.9% 
accuracy. On the other hand, Gupta et al. (2019) developed Neural
BugLocator, a CNN-based system that can localize bugs in the source 
code. Besides source code, CNN was used to detect hand-over-face (HOF) 
gestures and facial expressions of students to identify difficult concepts 
students are facing with 86.87% accuracy.

The growing use of deep learning algorithms results from the ad
vancement in computational capabilities. Deep learning models not only 
help researchers further explore existing problems but also broaden the 
research landscape by offering new computational capabilities to extract 
information from more complex data sources, e.g., images and videos. 
Moreover, the expansion of LLMs is leading to thorough investigations 
of tasks previously unexplored by researchers.

4.3.3. Explainable AI

Explainable AI is a recently emerging subfield of AI, referring to the 
ability of AI systems to provide clear and understandable explanations 
for their decisions or recommendations in educational settings. This is 
particularly important in AI-driven educational tools, such as intelligent 
tutoring systems or personalized learning platforms. While explainable 
AI was only employed in two studies, it is worth looking at them due to 
their distinct characteristics from the former methodologies discussed in 
the previous paragraphs. The goal of explainable AI is to produce out
puts that can be understood and interpreted by humans. As a result, the 
literature employing this technique was recent. Luca and Chen (2020) 
proposed an explainable AI framework based on 𝜋-calculus and Hoare 
logic to automatically analyze students’ source code, calculate grades, 
and provide feedback to students. Rico-Juan et al. (2023) integrated an 
explainable AI model to the online judge systems to provide feedback 
based on the submitted source code beyond the result from the unit test
ing.

Numerous machine learning algorithms have been proposed and ex
plored to support the teaching and learning of computer programming 
courses. While traditional machine learning algorithms remained rele
vant in the field, researchers have been investigating the use of modern 
techniques such as deep learning and explainable AI in several settings. 
This change in methodologies is driven by the advancement in compu
tational capabilities, allowing researchers to explore new applications 
and investigate new data sources that can be utilized by these machine 
learning algorithms.

4.4. RQ4. What benefits can AI and ML offer to both teachers and students 
in computer programming courses?

The fourth and last research question of this systematic review nat
urally follows the previous three research questions. With the growing 
number of research studies focusing on the utilization of AI and ML 
in computer programming education, the question of practical benefits 

that these technologies can bring to instructors and learners is becom
ing more crucial. If the benefits offered by these technologies are smaller 
than the costs of implementing them, the classroom may be better off 
by not investing in these technologies. Since both instructors and stu
dents are the main stakeholders in this context, the benefits should be 
considered from both perspectives.

4.4.1. Benefits to instructors

Instructors play an important role in computer programming ed
ucation by ensuring students receive sufficient preparation for their 
subsequent courses and their future. With a higher number of students 
enrolled in programming courses, the workload for the instructor also in
creases. Thus, the introduction of tools that can be implemented to help 
the instructors achieve their course objectives will play a pivotal role 
in the course. Regarding the articles retrieved in this review, many ap
plications are centered around the instructors. While several studies did 
not quantitatively compare the performance between the machine learn
ing models with the instructor’s performance, qualitative evaluation of 
the proposed models was usually included in the paper. Considering the 
instructor’s perspective, integrating machine learning methods in the 
classroom provides two benefits: faster completion of mundane tasks 
and better focus on creative tasks.

In the context of teaching computer programming, mundane tasks 
do not mean tasks that provide little to no value to the course. In con
trast, these tasks contribute significantly to the course’s success. How
ever, they are time-consuming and usually involve repetitive actions. 
Examples of such tasks are grading assignments and providing feedback. 
While both tasks allow instructors to assess students’ knowledge thor
oughly and serve as a touch point for both parties to exchange their 
opinions on the assignment, it takes a lot of time to carefully assess 
submissions from every student and give meaningful feedback. This sit
uation is further exacerbated in introductory courses where the number 
of students is usually high.

Recall that assignment grading and feedback generation are the top 
two research topics in the assessment and feedback category; there are 
13 and seven research papers on assignment grading and feedback gen
eration, respectively. This suggests that these two topics have been com
mon pain points of the instructors. Since these topics have been widely 
studied, several approaches have been proposed to help instructors per
form these tasks easier. One approach to streamline these mundane tasks 
is to highlight relevant information to the instructor so they can spend 
their time efficiently. For instance, one can distinguish submissions that 
need further manual inspection, e.g., uncompilable programs that have 
a similar structure to the correct code, while disregarding submissions 
that do not (Angelovski et al., 2021). Automatically comparing studen
t’s submissions with the correct code is also employed in Acuna and 
Bansal (2022), and Arhandi et al. (2023). Another approach is to let 
the machine take over the task from the instructor. For instance, the 
automatic assessment system proposed by Ainapure et al. (2022) takes 
different data, e.g., unit testing results, time complexity, source code 
errors, etc., into consideration in the grading process. Another exam
ple of this approach is the AP-Coach developed by Duong et al. (2022), 
which automatically extracts the program’s structure and generates cor
responding feedback to the user.

By freeing up instructors’ time from repetitive tasks, they can ded
icate more time to creative work. The key difference between these 
tasks and the mundane ones mentioned earlier is that the time spent on 
creative tasks is used for generating ideas and finding solutions rather 
than carrying out repetitive actions. For example, tasks such as creat
ing lesson plans and identifying at-risk students are considered creative 
because they call for instructors to carefully consider their ideas and 
then execute the tasks based on their ideas. Before creating their les
son plan, instructors need to first align their course objectives with the 
program objectives. Subsequently, they can craft their course to ensure 
that it aligns with the program objectives and captivates the students’ 
interests. Similarly, instructors need to devise an effective approach to 
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identifying underperforming students before gathering data and imple
menting the solution.

While some creative tasks, such as identifying at-risk students, have 
been studied for many years, research on other creative tasks, such as 
developing lesson plans, has just been recently explored thanks to the 
advancement of computational capabilities in deep learning algorithms 
and LLMs. One of the common themes in identifying at-risk students is 
to identify such students earlier in the course because instructors can 
spend more time and resources to aid those students. The nature of this 
problem poses a challenge to the classification model as there will be 
fewer data points to train the model. However, many studies have over
come this problem and can correctly identify low-performing students 
in the early stage of the course (Buschetto Macarini et al., 2019; Nabil 
et al., 2021). One example of the utilization of deep learning models 
on creative tasks is knowledge tracing. With deep learning, the instruc
tor can track students’ knowledge acquisition as well as predict their 
responses to open-ended questions (Liu et al., 2022). With the introduc
tion of LLMs, their generative capabilities have been explored on tasks 
that have been traditionally manually completed by the instructor. For 
instance, ChatGPT has been explored in several tasks, ranging from de
veloping lesson plans, generating questions, and acting as a chatbot with 
desirable performance (Rahman & Watanobe, 2023). Moreover, the pro
cess of mapping course outcomes (CO) and program outcomes (PO) can 
be enhanced with the help of the transformer-based models (Sengupta 
& Das, 2023).

4.4.2. Benefits to learners

In a classroom, if the instructor is seen as a provider, then the stu
dent is a receiver. The instructor imparts knowledge and trains students 
on specific skills, and students acquire this knowledge and these skills 
throughout the course. Due to the difficulty of programming for many 
students, along with a large number of students in a course, not every 
student will receive the necessary assistance every time. In this situa
tion, solely expanding the instructor’s capabilities may not be enough 
to provide the required support to every student. It is critical to offer in
dividually tailored support to help students navigate through the course 
easily. The benefits that students can gain from machine learning are 
twofold: access to timely assistance and a personalized learning experi
ence.

It is common for programming students to seek help on specific 
issues, from the syntax of the programming language to the problem
solving approach for an assignment. While students can search for re
sources on the internet or ask the instructor directly, they may not 
receive the answers they need in a timely manner. For example, stu
dents who have just started learning programming may not know how 
to effectively search for answers on the internet. Additionally, there is of
ten a delay in the instructor’s response. Consequently, they may remain 
stuck with the same problem until they can figure it out by themselves or 
until they finally receive the answer from the internet or the instructor. 
Machine learning can provide timely assistance to the student without 
the need for the instructor’s intervention.

One of the most apparent examples of this is virtual assistants. Nat
ural language processing techniques are heavily utilized by these assis
tants. For instance, Coding Tutor, a chatbot developed by Hobert (2019), 
can automatically assess students’ source code and also answer open
ended questions. Recently, literature has used transformer models in 
these assistants. For example, implementing ChatGPT as a virtual peer
to-peer instruction model can enhance student performance Dos Santos 
and Cury (2023). Besides, virtual assistants, LLMs can be implemented 
to provide hints based on students’ source code (Roest et al., 2023).

Different students have different levels of understanding of differ
ent topics, as well as different learning styles. Implementing the same 
instruction material and the same exercise may not be able to target 
every topic that each student wants to improve. For instance, a stu
dent may be able to complete an assignment on iterations with ease 
and need more difficult iterations exercises. If there is only one set 

of exercises, there is no room to further challenge this student. Even 
if this student achieves the learning objective of iterations, more ad
vanced exercises would sharpen their conceptual understanding. The 
use of machine learning to tackle this issue often provides a way to of
fer personalized experiences to students in several ways.

Oftentimes, creating a personalized learning experience consists of 
several features. Rathore et al. (2021) serves as a clear example of this. 
The system assists students in learning computer programming and of
fers several features, including a material recommender and chatbot. 
Students are ranked based on their proficiency and will receive differ
ent study materials corresponding to their skill level. Similarly, Huang 
et al. (2021) designs an intelligent teaching system for Python program
ming. The system provides personalized learning resources as well as 
programming problems, nurturing independent programming thinking. 
Adewale et al. (2024) is another example of an intelligent teaching sys
tem. The system combines adaptive content, adaptive learning path, and 
context awareness of students into the system to enhance student’s learn
ing experience.

Utilizing artificial intelligence and machine learning in computer 
programming education is beneficial to both instructors and learners. 
For instructors, they can streamline mundane tasks and focus on creative 
tasks easily and efficiently with machine learning. For learners, they can 
receive timely assistance whenever they want, and they can also receive 
personalized learning based on their current knowledge and their areas 
to improve. The fact that the literature has covered these two areas re
flects the equal importance of instructors and learners in the classroom. 
While some applications of AI and ML are centered around either in
structors or learners, their impact will contribute to the course’s success, 
whether directly or indirectly.

5. Discussion

This systematic review paper covers 119 scholarly articles published 
between 2012 and 2024 regarding the application of artificial intelli
gence (AI) and machine learning (ML) in computer programming ed
ucation in higher education. The results from this systematic review 
provide valuable insights for both researchers and educators who would 
like to explore the capabilities of AI and ML in computer program
ming education. Firstly, AI and ML have been extensively utilized across 
the teaching process, indicating its capabilities for end-to-end instructor 
support. While the majority of literature has concentrated in the perfor
mance monitoring and assessment and feedback, the introduction and 
popularization of large language models (LLMs) has expanded the scope 
of AI applications to course design and classroom implementation, en
abling and enhancing tasks such as lesson plan development, virtual 
assistant, and question generation. Secondly, the shift in the research 
landscape from performance monitoring and assessment and feedback to 
course design and classroom implementation reflected the growing need 
for personalized learning and efficient classroom management. This can 
be observed through the evolution of data sources from students’ de
mographic information, which were heavily utilized by the previous 
studies, to fine-grained data such as LMS interaction logs and keystroke 
data, which were introduced in recent studies. Lastly, the AI applications 
covered in this systematic review do not only provide benefits to the in
structors but also to the students. While the aim of this review paper 
is to cover AI applications from the instructors’ perspectives, these ap
plications were designed to support students’ learning experience. This 
reflected the role of instructors in guiding their students throughout the 
learning journey and ensuring that they successfully meet the learning 
objectives of the courses.

The findings of this systematic review have significant implications 
for educational theories and pedagogical practices in computer pro
gramming education. Firstly, AI applications can support differentiated 
instruction (Suprayogi et al., 2017) by personalizing content to indi
vidual learning styles, aligning with theories of personalized learning. 
Moreover, these AI applications can enhance formative assessment prac
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tices by offering real-time feedback to students, which is related to the 
principles of learning assessment (Wiliam, 2011). Overall, AI and ML 
tools discussed in this systematic review align with the constructivist 
learning theories (Bada & Olusegun, 2015), where students iteratively 
construct their knowledge through interaction with learning resources 
and feedback. Additionally, since the AI and ML technologies enhance 
efficiency in several tasks, they also help reduce the cognitive burden 
on both instructors and students, aligning with the cognitive load theory 
(Navrat & Tvarozek, 2014).

The aforementioned trends highlights several opportunities for fu
ture research. Firstly, new applications of AI and ML in classroom im
plementation and course design categories should be further explored 
and investigated. As seen in Table 4, there are fewer studies on course 
design and classroom implementation categories than in assessment and 
feedback and performance monitoring categories. Therefore, it is nec
essary for future studies to introduce AI and ML to these categories 
by proposing new applications or enhancing the performance of exist
ing solutions. For instance, with continuous and rapid development of 
LLMs, one may leverage the work of Rahman and Watanobe (2023) by 
comparing the performance between different models, or conduct an 
experiment to evaluate the model effectiveness. Secondly, as literature 
begins to cover a wide range of applications that can be implemented in 
the classroom for all categories, future studies should also emphasize the 
design of end-to-end machine pipelines that facilitate the teaching and 
learning computer programming from designing the course structure to 
evaluating students and monitoring student’s performance. Since past 
literature often focused on a specific task or a small group of tasks, de
veloping an end-to-end pipeline will bring state-of-the-art models from 
different applications together to form a complete infrastructure that can 
support the classroom in every aspect. Lastly, it naturally follows that 
this infrastructure need to be implemented and tested in the classroom 
to evaluate its effectiveness. These research opportunities will serve as a 
foundation for education institutions, researchers, and industries, in de
veloping a computer programming course that need little to no human 
intervention and thus can be scaled easily.

With increasing number of literature exploring the opportunities to 
integrate AI and ML in computer programming education, this also poses 
challenges and raises one of the important questions to higher education 
institutions. While there is room for academic misconduct by students 
(Becker et al., 2023) and existing Artificial Intelligence Generated Code 
(AIGC) Detectors do not have desirable performance in differentiating 
between human-written code and AI-generated code (Pan et al., 2024), 
recent studies have developed a more robust model for this task (Nguyen 
et al., 2024; Xu & Sheng, 2024). However, the challenge for higher 
education institutions is to reconceptualize their roles and responsi
bilities where the learning environment and the education ecosystem 
utilize more AI and ML technologies. Since the COVID-19 pandemic, the 
transformation and adoption of technological tools and platforms was 
accelerated to accommodate online learning, for example MOOCs, web
based learning platforms and videoconferencing tools (García-Morales 
et al., 2021). Although the traditional model of higher education before 
the COVID-19 pandemic remains undisrupted by MOOCs (Al-Imarah & 
Shields, 2019), the MOOC market after the pandemic has been of great 
interest by several countries such as Bangladesh and India (Amit et al., 
2022). This raises the needs for higher education institutions to revisit 
their positioning in the education ecosystem such that they can not only 
stay relevant to the rising trends of online instructions and AI but also 
develop new innovations with AI and ML to further enhance their teach
ing capabilities.

While this systematic review provides a comprehensive analysis of 
AI and ML applications in computer programming education, the fol
lowing limitations should be considered. Firstly, the proposed search 
methodology, although rigorous, was limited to major databases. Thus, 
it is possible that the search results may excluded relevant studies from 
other sources. Moreover, this systematic review exclusively focused on 
journal and conference articles published in English between 2010 and 

2024. This review does not include articles from other languages or for
mats such as books and theses. Secondly, the selection strategy involved 
manual screening of articles’ titles and abstracts, potentially introducing 
subjectivity in the inclusion and exclusion of the studies. Thirdly, this 
review paper limited the scope of the review to higher education, ex
cluding primary education and secondary education. Lastly, this article 
retrieved the articles up to 9 April, 2024. This retrieval period may not 
fully capture the rapid advancement in AI and ML technologies, espe
cially advancements in large language models (LLMs). Since the field of 
AI and ML is growing rapidly, this systematic review may have not cov
ered the most recent AI technologies in the field. Future studies should 
expand this review paper in terms of the review scope to cover a broader 
range of education level as well as more recent advancements in the 
field.

6. Conclusions and future directions

With the increasing demand for a computer programming work
force, artificial intelligence and machine learning technologies have 
been utilized in several educational and instructional tasks to enhance 
the teaching and learning of computer programming courses at univer
sity levels. This systematic literature review was conducted to summa
rize the contemporary landscape of research utilizing machine learning 
in this specific domain using the PRISMA protocol. The 119 papers in
cluded in this systematic review were categorized into four teaching 
processes, namely course design, classroom implementation, assessment 
and feedback, and performance monitoring. Use cases of machine learn
ing approach in teaching computer programming courses as well as 
implemented machine learning methods were highlighted, focusing on 
benefits that machine learning technologies can bring to both instruc
tors and learners. The main contribution of this systematic review is a 
methodical examination of existing research emphasizing the utilization 
of artificial intelligence and machine learning in teaching university
level computer programming courses. This article provides an overview 
for instructors looking to adopt these intelligent technologies in their 
classrooms and researchers seeking to develop novel machine learning 
models in this particular field.
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