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We conducted a systematic literature review on automated grading and feedback tools for programming
education. We analysed 121 research papers from 2017 to 2021 inclusive and categorised them based on skills
assessed, approach, language paradigm, degree of automation and evaluation techniques. Most papers assess
the correctness of assignments in object-oriented languages. Typically, these tools use a dynamic technique,
primarily unit testing, to provide grades and feedback to the students or static analysis techniques to compare
a submission with a reference solution or with a set of correct student submissions. However, these techniques’
feedback is often limited to whether the unit tests have passed or failed, the expected and actual output, or
how they differ from the reference solution. Furthermore, few tools assess the maintainability, readability or
documentation of the source code, with most using static analysis techniques, such as code quality metrics,
in conjunction with grading correctness. Additionally, we found that most tools offered fully automated
assessment to allow for near-instantaneous feedback and multiple resubmissions, which can increase student
satisfaction and provide them with more opportunities to succeed. In terms of techniques used to evaluate the
tools’ performance, most papers primarily use student surveys or compare the automatic assessment tools
to grades or feedback provided by human graders. However, because the evaluation dataset is frequently
unavailable, it is more difficult to reproduce results and compare tools to a collection of common assignments.
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1 INTRODUCTION

Most computer science courses have grown significantly over the years, leading to more assignments
to grade [103]. The time window for evaluating assignments is typically short as prompt and timely
feedback increases student satisfaction [41], resulting in the danger of inconsistent grading and
low feedback quality.
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One method for providing a grade and feedback in good time is to use multiple human graders.
This approach, however, increases the chance of variation in grading accuracy, consistency and
feedback quality [11]. As a result, automatic grading tools have become widely popular, as they are
able to assign grades and generate feedback consistently for large cohorts. Automatic Assessment
Tools (AATs) may be used by instructors either to fully automate the marking and feedback process,
or to indicate potential issues while manually assessing the submissions.

There is typically a relationship between grading and feedback when assessing student submis-
sions for a given assignment. Formative assessment focuses on providing feedback to teachers and
students to help students learn more effectively while providing an ongoing source of information
about student misunderstanding [52]. Whereas summative assessments typically intend to cap-
ture what a student has learned and judge performance against some standards and are almost
always graded [52]. While some AATs focus on providing only feedback for formative assessments,
typically, many provide a grade and feedback for summative assessments. In this paper, we will
refer to providing a grade and/or feedback as an assessment unless we explicitly discuss grading or
feedback exclusively.

Using AATs to grade programming assignments originated in the 1960s [77]. Traditionally, AATs
have focused on grading program correctness using unit tests and pattern matching. They typically
struggle, however, to grade design quality aspects and to identify student misunderstandings. Only
recently have researchers begun to address these areas as well [178, 183].

As part of implementing a unit test-based AAT, instructors must provide a comprehensive test
suite. It typically takes considerable effort and requires students to follow a specific structure when
implementing their solutions, such as replicating the exact output being tested or using predefined
class and function names. The considerable effort and specific structure often lead to instructors
designing short and well-defined coursework, as it is easier to implement a comprehensive test suite
for such assignments. However, some instructors prefer to incorporate large-scale project-based
assignments in their courses, which are typically less well-defined to allow students to control
the direction of the assignment and use their creativity, both of which can motivate students to
perform well in their assignments. These open-ended assignments are usually nearly impossible
to automatically assess using unit test-based approaches, as the structure and functionality of the
student assignments can change, making it difficult to implement unit tests.

We conducted a systematic literature review to investigate recent research into automated
grading and feedback tools. Our review offers new insights into the current state of auto-grading
tools and the associated research by contributing the following:

o Categorised automatic assessment tools based on core programming skills [127].

e A summary of the state of the art.

e Detailed statistics of grading and feedback techniques, language paradigms graded, and
evaluation techniques.

e An in-depth discussion of the gaps and limitations of current research.

We utilised the programming skills and machine learning (ML) papers from the results of this
systematic literature review to further investigate ML-based AATSs by performing a meta-analysis
focusing on ML-based AATs. In the meta-analysis [127], the ML papers from the current review
were used as initial papers for a backward snowball search to find other ML-based AATs. After
conducting the snowball search and finalising our included papers, we categorised the ML-based
AATs using the core skills discussed in Section 2, and the techniques and evaluation criteria utilised.

The format of the article is as follows: Sections 2 and 3 introduce our framework for categorising
AATs. Section 4 presents existing reviews and discusses how our own work relates to and expands on
this prior work. Section 5 details our methodology, inclusion and exclusion criteria and introduces
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the research questions addressed by this work. Section 6 presents an analysis of the selected sources
and presents the results, and Section 7 discusses our findings. Finally, Section 8 summarises our
conclusions and presents recommendations.

2 PROGRAMMING SKILLS

We distinguish four core criteria for assessing programming assignments based on our experience:
correctness, maintainability, readability, and documentation. These criteria are manually or auto-
matically graded by evaluating a student’s source code statically or dynamically and have been
active research areas within computer science education.

There are multiple facets of correctness research, including students’ conceptions and perspec-
tives of correctness [100, 148, 171], how students fix their code to improve correctness [6, 47],
and assessment of correctness [63, 140, 161]. Furthermore, there has been a multitude of research
into code quality, which includes readability and maintainability [21, 86, 170]. The research has
included designing rubrics for grading code quality [172] and investigating code quality issues
within student programs [93]. Finally, code documentation is considered one of the best practices
in software development [48, 96, 150] and is widely researched within the software engineering
domain, including code summarisation [74, 122], how documentation is essential to software main-
tenance [48] and how to prioritize documentation effort [123]. We separated code assessment into
these four skills to provide a comprehensive overview of which skills are automatically graded.

The four core criteria provide our frame of reference for investigating research into AATs for
evaluating student submissions:

Correctness — Evaluate whether a student has understood and implemented the tasks in a
manner that conforms to the coursework specification. There are two commonly evaluated areas
of correctness. The most common is correctness of functionality: testing whether a student has
adequately implemented the assignment’s essential features, whether correctly calculating the
Fibonacci sequence, implementing FizzBuzz, or creating a text-based adventure game. The other is
the correctness of methodology, verifying that a student has used a specific language feature, such
as recursion to calculate the Fibonacci sequence, a for-loop and modulo to implement FizzBuzz, or
polymorphism and inheritance to create an object-oriented game.

Maintainability — Investigates how well a student has implemented maintainable or elegant
code. This could include how well a student has used functions to reduce duplicated code, whether
the method used to solve a problem is simplistic or overly complicated or if the student has used
polymorphism and inheritance to reduce class coupling.

Readability — Analyses whether a student’s submission is easy to understand. While maintain-
able code contributes to the readability of the code, other aspects of source code can signify if the
code is readable. These aspects include: following code style guidelines, meaningful naming of
classes, functions and variables, replacing magic numbers with constants, and using whitespace to
separate code blocks.

Documentation - Inspects the existence and quality of a student’s documentation, including
inline comments and docstrings. While some believe code should be self-documenting, including
inline comments to explain functionality and implementation is common practice. However, these
are often useless [152] or poor quality [173]. Additionally, developers must include documentation
in the form of docstrings to explain the purpose and the interactions for a specific class or function.
These are typically used when other developers interact with or maintain the function [173].
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3 CATEGORIES OF AUTOMATIC ASSESSMENT TOOLS

AATs have numerous advantages for both educators and students. They typically reduce the time
it takes to assess each assignment and can be used to enhance the traditional assessment workflow
and establish a real-time feedback system. The process of automatically assessing source code can
be done in various ways, such as unit testing and comparing source code to an instructor’s model
solution or other students’ correct submissions. Depending on the assignment’s intended learning
outcomes, an AAT may employ multiple methods to grade various core skills.

In 2005, Ala-Mutka published a “A Survey of Automated Approaches for Programming Assign-
ments”, where they categorised automatic assessment of different features into two main categories:
dynamic analysis and static analysis [3].

3.1 Dynamic Analysis Automatic Assessment Tools

Dynamic analysis evaluates a running program’s attributes by determining which properties will
hold for one or more executions [13]. Typical methods employed by dynamic analysis AATs include
using a suite of unit tests to grade the correctness of a student’s submission by comparing either
the printed output or return values of individual methods.

Additionally, dynamic analysis can be used to evaluate the student’s ability to write efficient
code or to write complete test suites [3]. To create a comprehensive test suite, instructors typically
need to be skilled at creating unit tests using complex language features such as reflection and
invest significant time developing and evaluating the tests. Test suites are usually given to students
in one of three ways: complete access before the final deadline [35, 36, 90], no access before the
final deadline [17, 33, 64, 112, 128], or access to a subset of the test suite before the final deadline
[106, 134, 189]. How the test suites are presented to students depends on the assessment approach.
Typically, if the assignment is formative, students will be given complete access throughout; if the
assignment is summative, the students will either have no access or only access to a subset of tests.
Limiting students’ access to the complete set of tests or using hidden tests are typically used to
limit the students’ ability to game the system by hardcoding return values.

3.2 Static Analysis Automatic Assessment Tools

Static analysis tools assess software without running it or taking inputs into account [10].

3.2.1 Static Analysis Tools. Many industry-standard static analysis tools have been implemented
into AATSs, including linters, such as pylint! and cpplint®, CheckStyle®, FindBugs* [10], and PMD".
These static analysis tools typically focus on identifying or partially identifying issues, and checking
maintainability, readability, and the existence of documentation.

3.2.2 Software Metrics. Software metrics are a technique for assessing code most commonly used
in commercial settings that have been effectively integrated into AATs [3]. Metrics are typically
used to evaluate maintainability; Halstead and McCabe created such complexity measures. Halstead
[69]’s metrics include program length, comprehension difficulty, and programming effort. whereas
McCabe [124]’s Cyclomatic Complexity utilises graph theory to evaluate the program’s complexity
based on the control flow graph. Other than complexity, metrics can be used to evaluate object-
oriented design principles, such as class coupling and depth of inheritance [29].

Ipylint - a Python Linter: https://pypi.org/project/pylint/

Zcpplint — A C++ Linter: https://github.com/cpplint/cpplint

3CheckStyle - A style guide enforcement utility: https://checkstyle.sourceforge.io/
4FindBugs has since been abandoned, and replaced with SpotBugs: https://spotbugs.github.io/
SPMD - A static analyser focusing on finding programming flaws: https://pmd.github.io/
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3.2.3 Comparative Automatic Assessment Tools. Other than adapting industry tools, static analysis
has been used to compare a student’s submission with a model solution or to a set of applicable
solutions [3], typically focusing on grading correctness. These tools use various methods to evaluate
the similarity between the student’s submission and the model solution(s). Source code can be
written differently but implement the same functionality. To improve accuracy, AATs can convert
the source code to an abstract syntax tree [184] or a control flow graph [159] to abstract away
from the syntactic representation. More comprehensive AATs have multiple methods for matching
or partially matching student solutions to the model solution(s). Virtual Teaching Assistant [30]
incorporates four patterns to facilitate grading partial correctness: location-free, where the order
of output tokens or characters or specific structure is not a determining factor in the awarded
grade and location-specific, where the order of the output or the specific structure does impact the
awarded grade.

Comparative approaches can also be used to generate feedback for the student. Paaflen et al.
[137] use edit-based approaches on student trace data to generate next-step hints for block-based
programming languages.

3.3 Machine Learning Automatic Assessment Tools

Since Ala-Mutka [3] published their review in 2005, research into applying machine learning to
auto-grading has increased. Machine learning AATSs use various techniques to grade or provide
feedback on the correctness and maintainability of a student’s submission, typically utilising
dynamic or static approaches. Walker and Russell [183] trained a feed-forward neural network to
grade the design quality and provide personalised feedback. They converted the source code to an
abstract syntax tree and then converted it to a feature vector as the input to the regression model
that predicts the score.

To grade correctness, Dong et al. [53] implemented two ML AATSs into an online judge. The
first model was trained using historical training data to predict what causes failed test results. The
second model implemented was a knowledge-tracing model used to predict the probability of a
student passing a new problem based on previous knowledge of a programming concept.

However, the approaches of both Walker and Russell, and Dong et al. require a large ground
truth dataset to train their models. A zero-shot learning approach can resolve the need for large
training data. Efremov et al. [57] implemented such an approach to provide next-step hints to
students where no prior historical data for a task exists. They implemented a Long Short-Term
Memory (LSTM) neural network to provide a vector representation that can be used for ML of a
block-based language, followed by a reinforcement learning approach for the hint policy.

3.4 Degree of Automation

Ala-Mutka [3] also defined varying degrees of automated the assessment of programming assign-
ments. Fully automated assessment is typically used for smaller assignments where unit testing or
another form of automatic grading can easily be designed and implemented, such as assignments
focusing on programming language basics [3]. Large courses use fully automated grading to reduce
the workload on the instructors. However, fully automated grading tools have difficulty grading
large-scale assignments, graphical user interfaces, maintainability, readability, and documentation,
which are typically manually graded.

It is common to use a semi-automated approach, a mix of manual and automated assessment, to
minimise the instructors’ workload on these large-scale assignments. Automating certain aspects
of the assessment process allows the instructor more time to grade and give feedback on areas that
cannot be easily automated, including code design [3].
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4 RELATED WORK

Multiple studies have reviewed the literature and existing automatic assessment tools for program-
ming assignments. These survey papers focused on literature that discussed grading assignments
or feedback given to students on their work.

4.1 Grading

Most recently, Paiva et al. [139] reviewed which computer science domains were automatically
assessed. They reviewed proposed testing techniques, how secure code execution is, feedback
generation techniques, and how practical the techniques and tools are.

Paiva et al.’s review showed that most automated assessment research focused on multiple pro-
gramming domains, including visual programming, web development, parallelism and concurrency.
Additionally, they found that the tools and techniques for assessing assignments are in one or more
categories: functionality, code quality, software metrics, test development, or plagiarism. When
evaluating feedback, they used Keuning et al. [95]’s feedback categories (discussed in Section 4.2).
A novel feedback approach they found was using automated program repair to fix software bugs.

Additionally, Paiva et al. classified each tool into web-based platforms, Moodle plug-ins, web
services, cloud-based services, toolkits and Java libraries and analysed the application of the found
techniques to the tools. Finally, they discussed the previous and future trends of the key topics; the
most notable previous key topics include tool development, static analysis and feedback.

We previously introduced Ala-Mutka [3]’s survey on automated approaches for programming
assignments, where they surveyed the literature to define different types of automated assessment
approaches. They discussed the benefits and drawbacks of automated assessment and encouraged
careful assignment design to provide students with several practical programming tasks.

Furthermore, Ullah et al. [177] expanded upon Ala-Mutka’s work by introducing a hybrid category
consisting of AATs that are both dynamic and static approaches and investigating automated
assessment tools released before the paper’s publication in 2018. They introduce a taxonomy of
approaches for both static and dynamic approaches and discuss the approach, supported languages,
advantages and limitations of existing tools.

Aldriye et al. [4] analysed a small set of existing grading systems in multiple areas, including
usability, understandability of system feedback, and the advantages compared to other tools.
Similarly, Nayak et al. [131] discussed the implementation and functionality of numerous automated
assessment tools, and Lajis et al. [104] reviewed AATs which used semantic similarity to a model
solution to grade submissions.

Douce et al. [55], conducted a literature review of the most influential AATs from the earliest
example in 1960 by Hollingsworth [77], until the paper’s publication in 2005, and discuss the
change of AATs throughout time, from early assessment systems, to tool-oriented systems, finally
to web-based tools. Whereas, Thantola et al. [78] investigated the approaches tools from 2006
to 2010 utilised both from a pedagogical and technical point of view, including programming
languages assessed, how instructors define tests and if any tools specialised in specific areas such
as assessment of GUIs.

Souza et al. [168] conducted a systematic literature review of AATs between 1985 and 2013,
focusing on key characteristics of AATs, including supported programming language, user interfaces
and types of verification. They categorise the tools by degree of automation, if the tool is instructor
or student-centred, and if the tools are specialised, such as contents, testing or quizzes.
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4.2 Feedback

Keuning et al. [95] conducted a systematic literature review of automated programming feedback.
They aimed to review the nature of feedback generated, the techniques used, the tools” adaptability
and the quality and effectiveness of the feedback.

To categorise the feedback types, Keuning et al. used and built on Narciss’s [130] feedback com-
ponents; these include: knowledge of performance for a set of tasks, knowledge of result/response,
knowledge of correct results, knowledge about task constraints, and four others. They found that
the most common feedback types were knowledge about mistakes and how to proceed.

To evaluate how teachers can adapt the tools, Keuning et al. categorised the tools by the different
types of input teachers can provide, including model solutions, test data and solution templates.
Finally, they investigated how authors evaluated the quality and effectiveness of the feedback or
tool and found that some completed most evaluations for technical analysis, such as comparing
generated grades or feedback with an existing dataset of graded work. Other evaluation techniques
include anecdotal evidence, surveys and learning outcome evaluations.

4.3 Novelty of This Review

Multiple reviews are small non-systematic reviews that hand-picked tools to assess and summarise
[4, 55, 104, 131, 177]. Our review differs from these by systematically searching the literature and
extracting more detail about each system.

While Keuning et al. [95] investigated feedback generation, which overlaps with half of our
review, their review only considered papers up to 2015 inclusive. Thus, none of their included papers
overlap with ours. Nevertheless, their results form a valid distinct comparison with ours. Similarly,
Thantola et al. [78] and Souza et al. [168], investigated automated grading systems between 2006
and 2010 and is now outdated, given the recent growth in automated assessment systems.

Paiva et al. [139] carried out a state-of-the-art review in 2022 concurrently with this work. Several
of their research questions (such as code execution security) have no overlap with this review. They
did investigate which aspects of programs are assessed, including quality and the techniques used
to generate feedback. However, they did not cover the evaluation of these tools in detail, in contrast
to our detailed examination of evaluation versus human graders. Their review focuses more on the
technical aspects of the automated graders. In contrast, ours takes a more pedagogical approach to
consider the automated graders’ place within education, focusing on how well they grade, what
they grade and what they should be grading.

To summarise, our review introduces a new method of categorising AATs by the core skills
graded, whether that be correctness, maintainability, readability or documentation, and builds on
Ala-Mutka [3]’s categories for approaches to assessing programming assignments, by introducing a
category for machine learning AATs, which is a sub-category of both static and dynamic approaches.
We also include an analysis of the evaluation techniques used and the data availability and an
analysis of the techniques used to grade or give feedback on the source code. In Section 7.8, we
further compare the results of our literature review to previous literature reviews.

5 METHODOLOGY

A systematic literature review is a method for locating, assessing, and interpreting all accessible data
on a specific subject. They are frequently used to summarise existing evidence, identify gaps, and
set the stage for new research endeavours [98]. Conducting a systematic review involves developing
a review protocol, identifying research, selecting primary studies, study quality assessment, data
extraction and data synthesis.
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This section discusses our review protocol, defining our research questions, inclusion and ex-
clusion criteria, and search and screening processes. We used Rayyan [136] to aid our screening
process, using their in-built tools for automated and manual de-duplication and keyword high-
lighting derived from our search criteria. We did not use their paper clustering feature to aid the
screening process. Section 6 discusses the outcomes of selecting primary studies, quality assessment,
data extraction and data synthesis.

5.1 Preregistration

We preregistered our study [126] with the Open Science Foundation. In the preregistration, we
provided a complete description of our planned methodology, including our research questions,
search terms, screening, data extraction, and data synthesis.

5.2 Research Questions

To guide our review, we used the following research questions:

RQ1 Which are the most common techniques for programming automated assessment tools?

RQ2 Which programming languages do programming automated assessment tools target?

RQ3 Which critical programming skills, such as correctness, maintainability, readability and
documentation, are typically assessed by programming automatic assessment tools?

RQ4 How well do the automated grading techniques perform compared to a human grader?

RQ5 Is the feedback generated by these techniques comparable to human graders?

RQ6 What are the most common methods for providing feedback on a student’s programming
assignment, and what areas do they address?

5.3 Search Strings

We defined two search strings, one for automated grading (Listing 1) and the other for automated
feedback (Listing 2). These were defined by extracting keywords from our research questions. After
finding the keywords, we extended our search string to include the keywords’ synonyms. To find
the variants of a keyword, we stemmed the keywords and added a wildcard character. For example,
“grading” becomes “grad*”. However, the stemming method yielded numerous irrelevant results
(e.g. gradient) due to the common nature of our keywords. Therefore, we decided to use specific
variants, such as “grade”, “grading” and “grader”.

We decided to include a negation statement in our search strings to reduce the number of outside
sources, which eliminates sources that focus on robotics, source code vulnerability, or information
and communication technology, as these are out of the scope of this review.

Our search strings have minor differences to maximise the likelihood of our benchmark papers
being located in our database search. In Listing 2, ‘student code’ and ‘novice programm®* were
included to allow the search to return the benchmark papers [141, 144, 165]. While the benchmark
papers chosen for Listing 1 did not include the terms ‘student code’ or ‘novice programming’ in
their title or abstracts.
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(programming OR source code) AND
(grade OR grading OR grader OR
mark OR marks OR marking) AND
(assignment OR exercise OR assessment OR course) AND
NOT(robot+ OR vulnerability OR ICT)

Listing 1. Grading Search String

(programming OR source code OR student code) AND
(feedback OR hint) AND
(assignment OR exercise OR

submission OR novice programms) AND
NOT(robot+ OR vulnerability OR ICT)

Listing 2. Feedback Search String

5.4 Search Process

To locate a set of relevant primary studies, we used our search strings in the ACM Digital Library
(ACM DL), IEEEXplore, and Scopus. We chose these databases since ACM or IEEE publishes most
Computer Science Education resources. We used Scopus, the world’s largest abstract and citation
database for peer-reviewed literature, to find additional sources outside of ACM and IEEE.

Initially, we investigated other databases, specifically Google Scholar, ScienceDirect, and Springer-
Link. Google Scholar and SpringerLink, returned almost 400,000 results, and ScienceDirect did not
support the number of boolean terms in our search strings. We could not minimise the number of
results by restricting our search strings because “feedback”, “mark”, “assessment”, and “code” are
terms in many other domains, including medical and genetics publications, and these databases do
not allow for filtering by domain. Thus we did not use these databases.

We implemented a benchmark using papers we found during our initial reading to validate
our search strings by confirming that the search results contain known papers that we identified
during our initial reading. For automated grading we used five papers [55, 77, 82, 141, 149], and
for automated feedback we used seven papers [45, 66, 95, 141, 144, 165, 188]. The results from our
benchmark can be found in Table 1 and was performed without applying our inclusion/exclusion
criteria (Table 2). As shown in Table 1, IEEEXplore does not contain any of our benchmark sources,
as IEEE did not publish any of our benchmark sources. Even though there are no benchmark
sources, our search strings should still produce relevant results in IEEEXplore, as the search strings
provide relevant sources from ACM and Scopus.

Database Grading Search String Feedback Search String
Found Total Found Total
ACMDL | [55, 77, 82, 141] 4 [45, 95, 165] 3
IEEEXplore - 0 - 0
Scopus [55, 77] 2 [45, 66, 95, 144, 165, 188] | 6
Total 4/5 6/7

Table 1. Benchmark Results
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Inclusion Exclusion
The paper is a primary source. The paper is not written in English.
The paper focuses on auto-grading or feedback | The paper is not a peer-reviewed paper.
on source code/programming assignments.
The tool supports a textual programming lan- | The paper is not accessible via university subscrip-
guage. tions.

The paper was published in 2017 to 2021 inclusive. | Posters and papers shorter than four pages.
Tools that use visual/block-based programming
languages.

Table 2. Inclusion & Exclusion Criteria

5.5 Inclusion/Exclusion Criteria

We employed the inclusion and exclusion criteria listed in Table 2 to determine whether a primary
study is eligible for our review. We decided only to include sources supporting textual languages,
such as Java, Python and assembly. We only included sources from 2017-2021 inclusive to ensure
we focused on the most up-to-date research. We omitted sources we could not access or those not
written in English because we could not extract the required information. Similarly, we rejected
posters and brief articles since they are unlikely to have sufficient detail. Finally, we removed
non-peer-reviewed studies because the quality and veracity of these sources could not be verified.

5.6 Screening Process

We used two screeners to conduct our screening process, with any conflicts between decisions
being discussed and resolved at regular intervals. We included or excluded studies based on their
title and abstract for our first screening stage. In the second stage, we screened the introduction
and conclusion. Finally, we screened the full-text sources and extracted data.

We changed our screening approach slightly (for the better) from our proposed approach in our
preregistration [126]. We decided that both screeners would review all sources during all stages of
the review, as this would increase the reliability of the results.

6 RESULTS

Figure 1, shows the general trend of automatic assessment-related papers over time. The increasing
trend of research into automated grading correlates to the increasing class sizes.

Figure 2 shows an overview of the number of included and excluded papers in each stage of the
review process. Our search for primary sources resulted in 1490 papers from the three databases,
which after automated and manual deduplication, resulted in 1088 papers to screen by title and
abstract. We excluded 820 publications based on our exclusion criteria during the title and abstract
screening stage. Most of the exclusions were due to the paper’s lack of focus on grading or feedback
on programming assignments.

To conduct our introduction and conclusion screening, we sought the full text of 268 papers, 8
of which we could not retrieve due to a lack of access to the publication. Of the 260 papers we
retrieved, 112 were excluded, and most were excluded for not focusing on grading or feedback,
paper length, or focusing on visual programming languages.

In the full-text stage of our screening, we reviewed 147 articles. Out of the 147, 26 were excluded,
most of which we excluded as they worked towards a grading or feedback tool rather than discussing
a completed tool, leaving 121 papers to extract data from. The final included papers can be found
in the supplementary material grouped by research question.
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Fig. 2. PRISMA [138] diagram showing the inclusion and exclusion decisions at each stage.

We opted to annotate and analyse the papers themselves instead of extracting each tool from the
articles, as the aim of this literature review is to provide an overview of current state-of-the-art
research. Very few papers discussed multiple tools, and for these papers, we annotated based on
all the tools discussed, which were typically within the same domain as each other. Furthermore,
few tools were discussed in multiple papers, with only Antlr [8, 89, 121, 176, 190], VPL [25, 26, 79],
Coderunner [38, 51, 191] and Travis [23, 72, 73] appearing in three or more papers, with Antlr and
Travis primarily being underlying technologies for AATs. While there is some duplication in terms
of papers discussing multiple tools and tools being discussed in multiple papers, this duplication
does not overly skew the results of the literature review.
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Fig. 3. The count of skills assessed, including tools that assess more than one skill.

6.1 Skills Evaluated and Utilised Techniques (RQ1, RQ3, RQ6)

In this section, we present our results for the techniques utilised to automatically assess student
assignments. We categorise the tools on the previously defined core programming skills as cor-
rectness, maintainability, readability and documentation (Section 2), and the categories of AATs,
including the degree of automation (Section 3).

Figure 3 shows that most of the tools focus on assessing correctness, followed by tools that grade
correctness and readability or correctness and maintainability. Minimal research within our time
frame has focused on grading documentation or exclusively maintainability or readability.

Figure 4 shows the combination of skills graded for each category of AAT and year. Most tools
use a dynamic or static approach to assess correctness, and typically static analysis is used to grade
readability and maintainability. Few papers investigate how machine learning can be used to assess
any skill.

To grade and give feedback on the core skills, different techniques were used depending on
the category of the AAT. Figure 5 shows the count of techniques used by category, as defined in
Section 3. It shows that most dynamic AATs use unit testing, and most other techniques use static
approaches. However, few used techniques such as machine learning or analysing the graphical
output [128].

Figure 6 shows the count of the degree of automation, with most tools implementing fully
automated graders. For a few tools, the publication was unclear on their automation approach.

81% of tools utilise a fully automated approach to assessment, while others have opted for a
semi-automated approach (14%). Most AATs are implemented using a fully automated approach
to allow for near-instantaneous feedback and multiple resubmissions of assignments without
increasing the grading workload. In contrast, semi-automated approaches are typically used to
verify grades given by an AAT or to aid a manual grading or feedback.

Most fully AATs offer bespoke solutions or implement existing grading tools, such as Virtual
Programming Lab [155], to grade primarily grade correctness, typically by implementing some
form of unit tests. Some tools have adapted continuous integration and delivery by using industry
tools such as GitHub Actions® and TravisCI’ to conduct unit tests when students push their code
to a repository. Students typically receive the test results as feedback directly from the chosen tool.

Semi-automated assessment can be implemented using a variety of techniques. Andujar et al.
[7]’s tool has instructor interactions through their grading workflow at multiple stages to grade

®GitHub Actions — A commercially available CI/CD tools: https://github.com/features/actions
"TravisCI — Another CI/CD tool: https://www.travis-ci.com/
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Fig. 6. The count of tools that are fully automated or semi-automated.
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computer graphics assignments. Instructors are expected to provide reference solutions, tests, read
reports on outliers and highlight source code to produce a rubric, and finally grade the assignments
based on the previous test results, extracted rubrics and highlighted code. Whereas in Insa et al.
[80]’s grader, the instructors’ role is to manually grade any assignments that cannot be automatically
graded and correct any issues with the automatically generated test cases.

6.1.1  Correctness. 66% of the research included in this review only focused on assessing correctness.
Approximately 36% of AATs focused entirely on correctness and used only dynamic analysis in
unit testing. The others used static analysis (17%), a combination of dynamic and static analysis
(21%), machine learning in combination with static, dynamic analysis, or as a standalone model
(6%). Most static analysis tools implement some form of comparison to a model solution or a set of
existing solutions to grade or give feedback on a task. Whereas most dynamic and static analysis
tools combine unit testing and comparison to other solutions.

Polito et al. [146] developed a gamified web-based automated grader for C programs. They utilise
unit tests for both calculating the grade and providing specific feedback. Additionally, they award
a certain amount of experience points and a badge for completing the assignment to a certain level.
To evaluate their tool, they conducted a student survey and concluded that it was helpful and that
users appreciated the gamification system.

Similarly, Cai and Tsai [23] developed a unit test-based tool for automatically grading Android
applications. They employ an industry-standard continuous integration tool to automatically run
the test suite when students push to their version control repository. The students are awarded
specific points for each test case passed, with the sum being their total grade. The authors conducted
a student survey and found that most spoke highly of the system, but some students found that the
grading logic is not flexible enough, a known issue with unit test-based AATs.

While many automated assessment tools utilise dynamic approaches, some use a static approach.
Delgado-Pérez and Medina-Bulo [43] developed a grader that uses an instructor-provided reference
solution and verifications to grade a submission’s correctness. The verifications allow instructors
to adjust the assignment difficulty and associate the verifications with specific language elements.
When evaluating their tool, they found that students’ success rate improved, using the framework
took less effort from the instructors, and they had a favourable reception from the students.

Dynamic and static approaches are most commonly used to automate the assessment of pro-
gramming assignments. However, some tools have opted to use machine learning to assess the
correctness of students’ programming assignments. Verma et al. [182] trained a Support Vector Ma-
chine to grade assignments based on their structural similarity. They first convert the submissions
to their abstract syntax trees (ASTs) and then replace all the identifiers with a standard character.
Using these ASTs, they can calculate the structural similarity and produce a final score.

Ahmed et al. [1] and Souza et al. [169] adapted natural language processing techniques to assess
source code. They normalised the source by removing comments and normalising the names and
string literals. Ahmed et al. encode the source code as a binary vector, while Souza et al. trained a
skip-gram model, which is a neural network that predicts a word using the context words around
the missing word, to produce their vector encoding. Finally, they both train neural networks for a
final task, Ahmed et al. used a dense neural network to predict how to repair an incorrect solution,
and Souza et al. used a convolutional neural network to evaluate the quality of the assignments
based on their underlying semantic structure.

6.1.2  Maintainability. While most AATs focus on correctness, only one tool in our review assesses
exclusively maintainability. Cordova et al. [37] investigated conceptual feedback vs traditional
feedback using a tool called Testing Tutor. Testing Tutor students learn how to create higher-quality
test suites and improve their testing abilities. The ability to create a high-quality test suite allows
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the students to develop higher-quality code by finding bugs in their implementation. Additionally,
creating a suite of test cases allows for future regression testing, tests you can run every time the
program changes. These are a vital part of creating maintainable software [87].

Testing Tutor utilises a reference solution to detect missing test cases or fundamental concepts,
such as testing boundary conditions or data integrity. This paper gives feedback in either a detailed
coverage report or conceptual feedback detailing a core concept that has been missed in the testing.

6.1.3  Readability. Four tools focus on assessing only readability and use a static analysis approach
for their grading or feedback [83, 89, 114, 132].

Karnalim and Simon [89] implemented a tool to promote learning code quality using automated
feedback. Their tool recommends improvements in a student’s code and comments by providing
suggestions that the student can implement.

They check that the naming has a consistent style, all names are written in camelCase or
snake_case, check for misspelt subwords and validate if the name contains meaningful subwords.
Meaningful subwords should only contain letters and not contain any stop words. They implement
similar suggestions for comments by checking that comments do not have any misspelt words,
meaningless words, or comments that are too short. To evaluate the tool’s effectiveness, they
conducted two experiments. The first was conducted using a control group and an intervention
group, and the second focused on a year one and a year two programming course. They conclude
that while the research is incomplete, the tool can be helpful, as students do not satisfy all the code
quality requirements due to human error.

Similarly, Liu and Petersen [114] extended an existing Python static analysis by developing
custom checks and feedback for novice programmers. They provide a textual description of the
error, provide an example, and explain why the error is problematic. To evaluate their tool, they
compared two years of an introductory Python course, with one year using the tool and the previous
year without. The year that utilised the authors’ tool significantly reduced the number of repeated
errors per submission and the number of submissions required to pass the exercise.

6.1.4 Documentation. No papers focus entirely on documentation. However, Gerdes [64] intro-
duced AppGrader, an automated grader to grade Visual Basic applications, which graded correctness
alongside documentation. They used static analysis to check if best practices have been followed
and if comments exist for each subroutine or function. However, the tool did not analyse the quality
of the documentation. In their bench tests, they assessed the tool against two scenarios, a typical
homework assignment for an introductory programming course and the other was the source code
for the tool itself, to find the overall execution times. The average overall execution time was 8.54
seconds for the typical home assignments, allowing this tool to be used as near-instantaneous
feedback during development.

6.1.5 Combination Graders. While some AATs only focus on grading one skill, others aim to
grade a combination of skills with varying approaches. The most common is to assess readability
alongside correctness (15%). These tools primarily use a dynamic approach to assess correctness
and a static approach to assess readability.

Some tools assess maintainability in addition to correctness and readability (6%) or just in addition
to correctness (4%). These typically use either dynamic approaches in the form of mutation tests to
assess the quality of the student-created test suites or static approaches such as metrics to calculate
the complexity of the code. Few tools focus exclusively on assessing maintainability and readability
(3%). These AATs use a static approach to assess both these skills.

Day et al. [42] introduced Annete, an intelligent tutor for Eclipse, to give feedback on correctness
and readability. They use a neural network with a supervised learning algorithm to determine
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if a student needs assistance with their code and determines what feedback should be shown.
Annete can give multiple types of feedback, including feedback about how to proceed, such as
using language structures that should not be used in a particular assignment and practical support,
such as giving positive feedback when they have passed a test case.

Similarly, Ureel Il and Wallace [179] developed a tool that provides feedback on maintainability
and readability during development and then used unit tests to grade correctness after the final
submission. For the feedback on maintainability and readability, they utilised static analysis to find
antipatterns, including commonly occurring practices that reflect misunderstanding, poor design
choices and code style violations in students’ submissions.

While most tools provide exclusively textual feedback, Edmison and Edwards [56] have developed
a tool that combines spectrum-based fault localisation with visualisation to provide feedback on
maintainability and uses unit testing to grade and provide feedback on correctness. They visualise
the spectrum analysis as a heatmap, with more suspicious code producing a higher score. To
evaluate their tool, they conducted a user study over two semesters. One was a control group that
received only textual feedback, and the other semester provided both textual feedback and heat
map visualisation. They found that having access to heat maps made it easier for students to make
more incremental progress towards maximising their scores.

6.2 Languages Evaluated (RQ2)

As AATs can focus on grading any number of languages, we grouped the languages into their
primary paradigm. Figure 7 shows the count of language paradigm among the tools. Most tools
assess OOP languages, followed by functional languages and tools designed to grade any language®.
Some papers did not clearly specify which language the tool assesses; these have been annotated
as unknown.
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OOP And Graphics
Low-Level

OOP And Functional

Language Paradigm

Web

Query

OOP And Web
Logic
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Fig. 7. The count of the language paradigms assessed, including tools that grade more than one language
paradigm. “OOP and Graphics” are tools that assess the development of shaders and graphics using C/C++,
and “Agnostic” includes tools that specify that any language can utilise the tool.

8Non-0O0 or Imperative languages did not solely appear in the literature, and were paired with OO languages. Languages
that can be used in an OO or non-OO way are included in the OO category.
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6.2.1 Object-Oriented, Functional and Logical Programming Languages. Most AATs grade object-
oriented languages (69%), such as Java and Python. Due to object-oriented languages’ prominence in
education and industry, object-oriented graders are the most developed, making practical teaching
tools for the programming approaches we used [101].

Chow et al. [32] developed a tool to generate personalised hints for Python. Their tool first finds
successful submissions that have failed the same test at some point and then computes an edit path
from the student’s incorrect submission to the successful submissions. They then translate the edit
path to natural language hints. To evaluate their tool, they used a set of historical submissions and
measured the percentage of submissions for which the tool can generate hints. They found that
their tool could generate a personalised hint for most submissions while only using data from as
little as ten previous submissions.

While Chow et al. focused on generating personalised hints for Python assignments, other
authors focused on automated grading of Java. Rump et al. [156] developed a tool to aid teaching
assistants when manually reviewing submissions by generating a report assessing how well the
student performed against a set of learning objectives. Similarly, Dil and Osunde [51]’s tool aimed
to aid graders with grading the correctness of methodology; explicitly do students’ submissions
contain the required methods or fields rather than the correctness of the functionality.

Liu et al. [116] utilised formal semantics to develop a real-time Python AAT. They use a single
reference solution to find differences in the output and execution trace of a student’s submission.
The student’s submission is graded as incorrect if a difference is found. They evaluated their tool
against a set of benchmarks of existing submissions graded by test suites and discovered that it
revealed no false negatives, but a test suite did since it was missing some test cases.

Similarly, Marin et al. [121] developed a tool that uses semantic analysis, a knowledge base of
programming patterns and the instructor’s input to correlate the patterns with detailed natural
language feedback to provide personalised feedback for Java assignments. They compared their work
against state-of-the-art techniques, including Liu et al.’s tool, and concluded that their approach is
based on understanding the semantics of the submissions and the original intentions of students
when dealing with an assignment.

In addition to assessing object-oriented languages, some AATs assess functional languages,
typically Haskell or OCaml [5, 17, 24, 60, 62, 70, 108, 115, 134, 167]. Canou et al. [24] developed an
online IDE and AAT for OCaml while designing a massive open online course (MOOC). The IDE
provided syntax and type error feedback as annotations and graded student submissions using unit
tests.

While Canou et al. developed an IDE as part of a MOOC, Lee et al. [108] developed a program
repair-based feedback tool for OCaml. They utilised test cases and correct reference solutions to
find the fault and repair logical errors in students’ submissions. They conducted a benchmark
and student survey to evaluate the tool’s efficiency and helpfulness. They found that the tool is
powerful and capable of fixing logical errors in student submissions and that the students found it
helpful.

Song et al. [167] developed an alternative program repair-based feedback tool for OCaml, utilising
multiple partially matching solutions and test cases to generate a fix for logical errors. They
compared their tool to Lee et al.’s tool and found that their approach was more effective at repairing
submissions. Additionally, they conducted a user study, and students agreed that their tool was
helpful.

Other tools have generated “am I on the right track” feedback for other functional languages.
Feldman et al. [60] conducted a pilot study of a tool for Scheme that transformed a student’s
partial submission into a final program with the same functionality as a desired correct solution to
determine if the student is on the right track.
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Similarly, Gerdes et al. [62] developed a tool for Haskell, which used programming strategies
derived from instructor-annotated model solutions to determine if a student’s submission is equiv-
alent to a model solution. They deployed their tool into their course, and most interactions with
the tool were classified as correct or incorrect. Furthermore, they conducted a student survey to
evaluate the perceived usefulness of the tool. They found that students were taking larger steps
than the tool could handle, that the tool was sufficient, and that there was room for improvement.

Only one paper grades a logic language: Lazar et al. [105] has developed a tool to assess Prolog
clauses using static analysis. To grade and give feedback on Prolog clauses, the authors convert
the clauses to abstract syntax trees and extract patterns that encode relations between nodes and
the program’s syntax tree. These abstract syntax tree patterns are then used to predict program
correctness and generate hints based on missing or incorrect patterns. They evaluated their approach
on past student assignments and found that the tool helps classify Prolog programs and can be
used to provide valuable hints for incorrect submissions. However, more work must be done to
make the hints more understandable by annotating natural language explanations of their patterns
and derived rules.

6.2.2  Specific Language Domains. While some AATs focus on the three major language paradigms,
other AATs focus on grading more specific areas, such as web-based languages [132, 157, 194],
graphics development [7, 8, 118, 191], kernel development and assembly languages [40, 117, 142],
or query languages [185].

Nguyen et al. [132] introduced a tool to grade the quality of web-based team projects and measure
students’ contributions. The authors utilise continuous integration tools to analyze the version
control logs to determine the students’ contribution and use existing static analysis tools, including
SonarQube and StyleLint, to evaluate the quality of the source code. While applying this tool to a
course in their department, they found a weak association between lines of code modified and the
final grade. Students with better grades fixed more errors but also introduced more errors.

To assess computer graphics courses, Maicus et al. [118] and Wiinsche et al. [191] developed
AATs to grade OpenGL. Both solutions compared the students’ output to a reference solution by
comparing the difference in pixels, with Wiinsche et al. also grading based on parameters passed to
OpenGL and algorithm results, such as outputs of parametric equations. Maicus et al. implemented
“visual unit testing”, allowing instructors to script keyboard and mouse input and provide detailed
feedback through screenshots and videos of the execution. They both conducted student surveys
to evaluate their tools’ usefulness for learning computer graphics and reported that the students
found the tools helpful when learning to program computer graphics.

To assess operating system kernels Park and Kim [142] developed a cloud-based Linux kernel
practice environment and judgement system. This uses a dynamic approach to test the students’
attempts at programming an operating system kernel by comparing their kernel outputs to the
teacher’s reference solution. The authors evaluated the parallelisation of their tool by measuring
the execution time when running tests and comparing these results to a baseline serial execution,
with their tool taking less time to grade longer scripts. Finally, they concluded that their tool works
well in the real world and reduces the effort to verify a student’s work.

While Park and Kim focused on assessing kernel-level assignments, Damas et al. [40] and Liu
et al. [117] developed tools to assess assembly code assignments. Both tools utilised a dynamic
approach in the form of test cases to grade and give feedback on their assignments. Additionally,
Liu et al. [117] also implemented an IDE plugin to give continuous feedback to students, including
errors that the code cannot assemble, warnings to indicate potential bugs and information based
on the analysis of the code. To evaluate their tools, they surveyed students and found that their
tools were beneficial and contributed positively to the student’s learning of assembly languages.
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To grade SQL statements, Wang et al. [185] investigate combining dynamic and static analysis.
The dynamic analysis compares the output of the students’ statements with the expected value. The
static analysis compares the syntax similarity using an abstract syntax tree and the textual similarity
of the statements themselves. To evaluate their approach, they compared their hybrid approach to a
dynamic analysis that executes and compares the results with the expected results, a syntax-based
approach that calculates the syntax similarity between a submission and a reference solution using
the abstract syntax tree and a text-based approach that calculates the textual similarity between the
student’s statement and a reference statement. They found that the existing grading approaches
could not yield satisfactory results and that the hybrid approach successfully identifies various
correct statements submitted by students and grades other statements according to their similarities.

6.3 Techniques Used to Evaluate the Tools (RQ4, RQ5)

Experiments were conducted using different techniques to evaluate the tool’s quality. Figure 8
shows the count of techniques used in the papers, with student surveys and tools being compared
to manual grading being the most common. Most of these experiments were conducted on course-
specific assignments (66%). As such Figure 9 shows that most of the data is not available to validate
the results or for future research. While most tools are evaluated in some form, most do not provide
the dataset in which the evaluation occurs (84%); this might be due to most tools being evaluated
against course-specific assignments (66%) or exams (10%), which typically are not be distributed
publicly.

6.3.1 Approaches. 90% of the papers include some form of evaluation, with most evaluations
conducted by the tool developer. The primary method of evaluation is to ask for student feedback
on a tool in the form of surveys (24%), as they are the primary beneficiaries of AATs. Their insight
provides valuable feedback on how well a tool helps them learn how to program.

Another typical evaluation approach compares the tool to either manual grading (22%) or other
automated tools (9%). The evaluation is typically used to check the tool’s grade accuracy compared
to manual grading. Other aspects, such as using an automated tool to improve students’ grades
or allow them to receive feedback faster, are also evaluated. Though most of the included articles
perform some form of evaluation, 10% of them do not; this could be due to the tools still being
in development and not at a stage where a full evaluation would be beneficial. However, even an
initial validation that the tool is performing as expected at the early stages of the project could be
beneficial to confirm that the final tool will aid students’ learning.
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None

User Study

Evaluation Technique

Grading Accuracy
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Fig. 8. The count of papers implementing these techniques to evaluate the automated grades. Results with
under five occurrences are omitted.
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Fig. 9. The count of data availability used in the evaluation.

6.3.2  Performance. As an exploratory analysis, we annotated a third of all papers that conducted
some form of evaluation and how well they performed. We found that most tools perform well in
their evaluations, though some authors report mixed results, especially if using multiple evaluation
approaches. While the tool developers conducted most evaluations, some tools were evaluated by
third parties, typically in papers evaluating multiple tools or papers reporting authors’ experiences
using existing tools. Reporting only positive results makes it difficult to evaluate different tools
reliably and can be challenging for instructors to select the most effective tool for their course,
especially with most AATs implementing the same methodology.

Some authors have produced evaluation or experience reports discussing one or more tools
to provide instructors with an external evaluation of some AATs. Reis et al. [153] evaluated two
AATs, one that gave personalised hints using program repair and a program visualisation tool, to
determine if students can solve problems faster, understand problem-solving and fix bugs easier,
compared to a test suite. In their experiment, they had three test conditions; in the base condition,
students only had access to the test suite, and in the other two, they had access to one of the tools
and the test suite. The students were asked to complete a set of problems using one of the three
conditions randomly assigned to the problem; after reaching a correct solution, they were presented
with a post-test. This post-test was used to evaluate the student’s understanding of how to solve the
problem and consisted of students being presented with four different solutions for a problem and
being asked to identify which solutions were correct or incorrect without being able to execute the
program. They found that the program repair tool greatly cuts student effort, with fewer attempts,
and students using the visualisation tool showed lower post-test performance.

Similarly, Bey et al. [18] evaluated two AATS, one implemented using unit tests and the other
utilising reference solutions. They focused on applying these AATs in the context of a massive
open online course. They found that the reference solution-based AAT typically performs as well
as the unit test-based approach. However, the reference solution-based tool awards lower grades to
correct solutions that are rarely implemented.

While some evaluation papers compare existing tools, Clegg et al. [34] investigate how different
test suites can provide different grades and how the properties of the unit tests impact the awarded
grades. To answer their research questions, they extended an existing set of programming assign-
ments with artificial faulty versions and a sample of test suites from a larger pool. They generated
the grades by calculating the percentage of passed tests and compared the different test suites.
The authors concluded that the grades vary significantly across different test suites and that code
coverage, the percentage of the source code executed while running a test suite, affects generated
grades the most.

, Vol. 1, No. 1, Article . Publication date: December 2023.



Automated Grading and Feedback Tools for Programming Education: A Systematic Review 21

Evaluation Method

E=R Mixed
ESY Negative
4 5 6

Count

Fig. 10. The count of automated graders categorised by the evaluation technique when compared to human
graders. The resulting trend is the authors’ sentiment of the performance when compared to humans. In the
case of human grading accuracy, the AAT was taken as the ground truth and the human graders were found
to be more error-prone [81].

6.4 Performance Against Human Graders (RQ4, RQ5)

Only 22 tools are evaluated against human assessors, with 16 focused on grading and six focused
on feedback. While some of the automated graders provide feedback to students, typically in the
form of unit test results, similarity to model solutions or predefined human feedback, human
assessors have not evaluated the generated feedback. To investigate how well AATs perform when
compared to humans, we further annotated papers that conducted an evaluation that included
some comparison to the assessment provided by a human.

Figure 10 shows the count of tools by different evaluation techniques that involved comparing
the results from the AAT with a human and the authors’ sentiment of the performance of the AAT.
Most are evaluated against the accuracy of the AAT compared to human-provided grades [9, 50,
147, 160, 176, 182, 185, 190], with most reporting positive results.

Wang et al. [185] tool uses a hybrid approach of reference solutions to automate the grading
of SQL statements. It is evaluated against a benchmark of human-graded submissions and three
other state-of-the-art approaches, including dynamic, syntax-based and text-based analysis. The
proposed approach performs better than other state-of-the-art approaches with a clear advantage,
with a mean average error of 8.37, compared to 26.01 for static analysis, 29.89 for text-based analysis
and 21.66 for dynamic analysis.

While Arifi et al. [9] primarily discusses automated feedback in the form of code repair sugges-
tions, the evaluation compared to a human is focused solely on the effect the code repair has on the
automated grading and not how the feedback compares to a human assessor. The evaluation shows
that their code repair tool increases the grade precision, measured by comparing the submission’s
auto-graded result before and after code repair to manually graded scores, of their unit test-based
automated grade, by 4%, from 81% to 85%. This shows that their tool improves the precision of the
automated grader by repairing uncompilable code that can then be automatically graded.

Most tools that evaluate the accuracy of automated graders take the human-provided grades as
ground truth, Insa and Silva [81], introduce JavAssess, a framework that automatically inspects,
tests, marks and corrects Java source code. To evaluate the performance of JavAssess to human
graders, they compare the accuracy of manually and automatically graded exams. However, they
treat the automatically provided grades as the ground truth and conduct an ANOVA test to validate
the influence of human graders on marking errors. They concluded that human graders influence
the mark when marking, with the probability value associated with the F value Pr(> F) = 0.0164
below the significance level of 0.05.
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While most papers evaluate the tools” accuracy, some investigate the correlation between human-
provided grades and automated tools [31, 35, 112, 140, 187]. Chou and Chen [31] utilise unit
testing and pattern rules to automate the grading of six programming assignments within a single
undergraduate course. They compared the human grades to the tool’s grades to evaluate their tool.
They found that the tool’s grades were significantly positively correlated with human grading in
all six assignments (p < 0.001), with on average 70% of the tool’s grades being the same as the
human graders.

Liebenberg and Pieterse [112] provide a detailed statistical analysis comparing manual and
automated assessment of programming assignments and report on a lecturer’s experience integrat-
ing automated assessment into their module. To evaluate their chosen AAT, they used 77 exams
that were manually and automatically graded and were analysed using a paired T-test, and the
correlation between manual and automated assessment was measured with Pearson’s correlation
coefficient.

Finally, the students were classified into three categories (failing, passing, and passing with
distinction) based on their manual assessment marks, and a T-test was then performed on the
categorical data. The T-test resulted in a “medium practically visible difference found” and can be
attributed to the difference in granularity between the marks given by manual assessment and those
given by unit tests and the correlation proved to be a significant relationship (r = 0.789, p < 0.001).
The t-test results on the categorical data show a very large, practically significant difference for
failing students (d = 1.303, p < 0.001) and students who passed (d = 0.151, p = 0.409), suggesting
that automatic assessment is not reliable. However, they found that automated assessment can be
more trustworthy for higher achieving students, with the small effect size (d = 0.151, p = 0.409).

Another factor in automating grading is reducing the time instructors take to grade. Two papers
investigate the effect of the time taken to grade assignments, with and without their tool [80, 128].
Insa et al. [80] introduce a semi-automated approach to grading Java assignments by automatically
generating unit tests from an instructor’s solution and only presenting the graders with submissions
that cannot be graded using the unit tests. To evaluate how well their tool expedites the grading
process, they asked graders to grade six Java exams manually and then, six months later, asked the
same six examiners to mark the exams using the tool. While instructors invested an additional hour,
on average, to prepare the exams, the automated tool reduced the average time taken to grade each
submission from 6 minutes to 2.5 minutes. The total average time invested, including preparation,
decreased by 25.2 hours, from 53.5 to 22.3 hours.

Only six papers evaluate the feedback by comparing the automatically generated feedback to
human-generated feedback [1, 60, 68, 111, 156, 180]. Table 3 shows the count of tools by different
evaluation techniques that involved comparing the results from the AAT with a human and the
authors’ sentiment of the performance of the AAT.

Ahmed et al. [1] use code repair to provide targeted examples for compilation errors. They
evaluate their AAT by comparing the time taken to repair compilation errors with and without

Evaluation Technique
Accuracy of Error Expert Grading Time to
Categorisation Detection Agreement Correlation Bug Fix
= g [ Positive | [68] [180] [156]
2 § | Mixed [60] [111] 1
Q=
&

Table 3. The automated feedback tools are categorised by the evaluation technique when compared to human
graders. The resulting trend is the authors’ sentiment of the performance when compared to humans.
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the automated code repair feedback, with both groups having access to human teaching assistants
(TAs). They found that the tool helped resolve errors 25% faster on average, and the large-scale
controlled nature of the empirical evaluation implies that the tools are comparable to human TAs.

Feldman et al. [60] utilises instructor-provided solutions to generate "am I on the right track”
feedback. As part of a pilot study, the tool’s feedback was shown to a subset of experienced TAs,
and all TAs were asked to replicate what they would do when interacting with incorrect student
code, and the TAs were asked to provide feedback on the tool. The TAs in the study provided
mixed feedback and suggested areas of improvement, with one TA saying that the fully automated
feedback features caused them to have a lack of control over the process. Other TAs saw the
potential for the tool and how "am I on the right track" style feedback can aid struggling students
when they do not have access to teaching staff.

Vallejos et al. [180] present a virtual teaching assistant to help teachers detect object-oriented
errors in students’ source code by converting source code to Prolog and inferring errors from
instructor-provided rules. To validate the corrections made by their tool, they used the virtual
teaching assistant to check students’ coursework previously checked by human graders, to check if
the tool overlooks corrections made by the instructors and to reduce the instructors’ workload.
The authors observe that the tool detected 125 additional errors, totalling 196 instead of 71 object-
oriented errors. However, they also found three types of object-oriented errors that the tool
cannot detect, including non-static methods that do not use any field or method of the object,
non-abstracted fields in sister classes and using Java Collections methods without implementing
the equals methods. They repeated this study with additional rules to handle these missing errors,
and the tool found 29 of these specific three errors overlooked by the instructor.

7 DISCUSSION
7.1 Why the Focus on Correctness Assessment? (RQ3)

There are many reasons why researchers choose to focus on assessing correctness over other
important skills. Assessing the correctness of functionality teaches students how to analyse and
implement features based on written requirements. Understanding how the requirements can
be translated to the desired features is a crucial skill and one that is often used in the industry.
Additionally, assessing the correctness of methodology allows instructors to verify that students
understand particular programming concepts, such as conditionals, iteration, and recursion, or
other course material, such as particular algorithms they have been asked to implement.

Primarily, assessing correctness uses a dynamic approach in the form of unit tests, which have
several benefits and limitations. Unit tests allow for quickly assessing large quantities of assignments
and enable students to receive near-instantaneous feedback from the test suite results. Implementing
a test suite to assess an assignment requires specific unit testing knowledge, and more complex
implementations require reflection knowledge. However, many unit test-based tools aid instructors
in creating their test suites by providing a framework to implement them or simplifying unit testing
into a set of input-output tests.

While these AATs offer near-instantaneous feedback, they are often simplistic, typically dis-
playing if the test passed or failed, and if it failed, the difference between the expected and actual
outputs or any errors. This limited feedback only informs the student of an issue in their code,
either that an error is produced or that their output does not match the desired output, and does
not help them resolve their issues. Providing this form of limited feedback, where the student
knows the error and potential location but does not provide any hints on how to fix their issues, is
similar to the limited and cryptic feedback of compiler messages, which often results in increased
frustration and hampers progress [16].
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Furthermore, most of these AATs cannot award partial grades for incomplete or uncompilable
programs or distinguish between qualitatively different incorrect solutions, resulting in students
receiving a zero grade. In contrast, if a human graded them manually, they would typically receive
partial marks for source code that implements a subset of the features or has minor logical or syntax
issues. Some AATs resolve this by implementing code repair to fix the broken code before running
the test suite, thus providing partial grades for syntactically incorrect submissions, typically by
deducting marks from the unit tests results of the repaired code [9, 19, 80, 161, 181, 186].

Another limitation of using unit testing to assess correctness is that unit tests typically require
students to follow a strict pre-defined structure for their code, often with class and function names
specified. Furthermore, the popularity of unit test-based AATs can influence instructors when
designing their assignments. Suppose the instructors have large class sizes or want to give students
near-instantaneous feedback, in that case, they often use a unit test-based AAT, typically leading to
small-scale closed-ended assignments. These small-scale closed-ended assignments and the strict
structure can limit students’ opportunities to be creative. Additionally, this strict structure and
small scale of the assignments can limit the student’s ability to learn how to write maintainable
and readable code by limiting their opportunities to learn how to name classes and functions and
how to design object-oriented solutions.

Instructors can design open-ended larger-scale coursework to enable students to take responsi-
bility for their assignments and use their creativity to implement the required features. Students
who assume control over their learning experience gain knowledge more effectively than those
who do not [99]. Furthermore, allowing students to take ownership of their projects and use their
creativity can increase their motivation and learning opportunities [162].

However, these are often impractical to assess at scale, as assessing open-ended assignments is
time-consuming and challenging to automate with traditional auto-grading methods. A common
approach to assessing open-ended assignments is to use multiple human graders [11]. However,
using multiple graders can lead to grade and feedback consistency issues, as readability, maintain-
ability, and documentation are often subjective. While multiple graders reduce the workload for
a single grader, the overall assessment process is still time-consuming. Additionally, they cannot
offer the near-instantaneous feedback that fully-automated assessment approaches can offer. The
impracticality of open-ended assignments often leads to instructors designing their assignments
to work with traditional auto-grading approaches, limiting the opportunities for students to take
control of their learning.

7.2  Why Assess Maintainability, Readability and Documentation? (RQ3)

While most tools focus on assessing correctness, few focus on assessing code quality aspects, such as
maintainability, readability or documentation. The automated assessment of these skills is typically
minimal and is often focused on static analysis to determine the quality of the source code.

While evaluating these skills using static analysis can provide a good indicator, most static
analysis tools and metrics are designed to evaluate professional code. Some metrics that evaluate
these areas may not be suitable for all types of novice programming assignments, especially
short-form assignments typically used with unit testing. This could be due to these assignments
providing the overall code design, limiting the ability to use maintainability metrics such as Depth
of Inheritance Tree or Coupling Between Object Classes [29].

In the case of documentation, the static analysis tools are typically limited to detecting the
presence of comments and that they follow the correct format. However, recent research has started
to investigate how to implement metrics commonly used in prose that can be applied to evaluating
documentation. Eleyan et al. [58] use the Flesch reading ease score and Flesch-Kincaid grade level
to evaluate how understandable comments and docstrings are and how long they take to read.
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Most AATs that assess these skills using static analysis typically output the result, either as a
number or an indication that something is missing. They do not typically tailor the output of these
professional software engineering tools to novice programmers by adapting the result to something
a novice programmer can use to improve. The limited information provided to the student can be
confusing, limit progress, and frustrate students [44].

While assessing correctness evaluates students’ ability to write working code, assessing maintain-
ability, readability, and documentation evaluate their ability to write good code. Typically, source
code that is maintainable, readable and well-documented is easier to adapt, especially when working
in teams or for future development. Furthermore, evaluating students’ adherence to consistent
code style is critical in teaching students to write readable and well-documented code [75].

7.3 Degree of Automation (RQ1)

There are advantages and disadvantages to both fully automated and semi-automated assessment.
Fully-automated assessment allows for near-instantaneous feedback but typically limits the scope
of the assignment. Providing near-instantaneous feedback can encourage students to submit early
[110] and address underlying misconceptions [66].

Most fully-automated assessment tools use unit testing to assess student solutions, but they
share similar issues as most unit-test-based AATs. These include forcing instructors to design
closed-ended or structured assignments compatible with the tool and limiting the opportunities
for students to take control of their assignments. Additionally, maintainability, readability and
documentation assessment is often non-existent or limited static analysis, such as conforming to a
style guide or matching specific patterns. The typical structure used in these AATs makes it highly
challenging to automatically grade elements such as correct use of object-oriented concepts, class
and variable naming, and documentation quality, as these are typically provided by starter code
designed to work with the AAT.

While semi-automated assessment does not allow for near-instantaneous feedback, it allows
feedback to be delivered faster than manual assessment. Semi-automated assessment typically
aids the grader by assessing the correctness of the submission and allowing the human grader to
assess the other skills. Providing feedback quickly is essential to high student satisfaction [41].
However, the typical use of semi-automated assessment does not resolve the issues around close-
ended assignments, especially providing students with a specific structure. The human grader can
manually assess documentation quality, how students have named their local variables and the
code style. But they can still not assess key skills like the correct use of object-oriented principles,
as this is typically defined in the provided starter code.

One potential solution to automatically assess open-ended assignments, at least partially, is to
automate the grading of maintainability, readability and documentation and manually grade the
correctness. This semi-automated approach would allow automated grading of elements commonly
shared between solutions, such as documentation quality, variable naming, adherence to code style,
and code design principles. While allowing human graders to focus on assessing the implemented
functionality and whether the student’s solution met the requirements in the open-ended assign-
ment. This approach would allow instructors to set open-ended assignments while offering students
partial near-instantaneous feedback on skills that are rarely graded automatically. Furthermore,
having the human graders only assess the correctness can reduce the overall assessment time and
potentially reduce the variety in grades typically produced when multiple human graders grade
the more subjective skills, including maintainability, readability and documentation.

Additionally, further research could investigate the effect of providing the results of the au-
tomatically assessed elements near-instantaneously to the student and providing the manually
assessed element after the deadline. For example, students could receive continuous feedback on
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their maintainability, readability and documentation, and their final grade and feedback when the
correctness has been manually assessed, providing students with feedback on areas that typically
take time to grade and allowing instructors to set open-ended assignments.

7.4 Language Paradigms Graded (RQ2)

While surveys into popular programming languages®!%!! have yielded that JavaScript, a web-
based language, is the most commonly used programming language, OOP languages are still very
prominent. Besides providing fundamental skills, the popularity of OOP languages could be why
they are the most commonly automatically assessed paradigm. Additionally, most OOP languages
have a framework that can be used for web development in conjunction with web-based languages,
such as Spring!? for Java and Django!® for Python.

These frameworks could provide a potential route to teaching web development. Most intro-
ductory courses teach an OOP-based language, allowing students to learn server-side-based web
development without first needing to learn client-side web-based languages. Furthermore, these
OOP-based frameworks often support unit tests, potentially allowing for existing AATs to be used
to assess web-development assignments. However, further research should be conducted into the
automated assessment of web-based languages, as these assessments are rarely automated.

7.5 Evaluation Techniques

7.5.1 Approaches. Conducting student and instructor surveys has many benefits, including pro-
viding insight into the users’ experience with the tool, how well it worked for them, and how it
could be improved. However, surveys cannot validate the accuracy of AATs, as the surveys only
collect the user’s opinion of how well the tool performed. To validate the accuracy of AATs, the
results of the proposed tool should be compared to a benchmark, either other tools or, ideally, a
human-graded dataset.

While comparing to a benchmark dataset can validate the tool’s accuracy, human graders are
typically better at understanding the nuances in a student’s submission. This allows them to provide
more accurate assessments, especially for partial or uncompilable submissions. However, using
multiple human graders to assess large courses is common practice, which can introduce some
variability in awarded grades and feedback given. Evaluating against other tools can demonstrate
improved accuracy when running against the same benchmark.

Conducting a mixture of quantitative evaluation in the form of comparing against benchmarks,
both against other tools and human graders, and qualitative evaluation, such as student and
instructor surveys, could provide the most in-depth analysis of AATs. This allows researchers
to show how their tool improves upon other tools and compares to the gold standard of human
graders while also providing valuable insights into the user’s experience, both from a student and
instructor’s point of view.

7.5.2  Data Availability. Publicly distributing datasets would allow instructors and researchers to
compare similar and new AATs against a shared dataset, allowing them to make informed decisions
on which tools to use or adapt for their purposes instead of developing another automated grader
from scratch. Furthermore, releasing datasets alongside the study allows researchers to reproduce

9GitHub - The top programming languages 2022 (accessed 30/01/23): https://octoverse.github.com/2022/top-programming-
languages

197etBrains — The State of Developer Ecosystem 2022 (accessed 30/01/23): https://www.jetbrains.com/lp/devecosystem-2022/
HStackOverflow — Developer Survey 2022 (accessed 30/01/23): https://survey.stackoverflow.co/2022/#technology
12Spring — A Framework for Java Microservices and Web-Apps: https://spring.io/

3Django - A web framework for Python: https://www.djangoproject.com/
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and validate experiment results, aiding instructors in choosing which AAT to use. Among the
released datasets, few are utilised in multiple papers. Those utilised are typically from large-scale
courses using smaller-scale programming exercises from online judges, such as Hacker Rank [36,
182]. The lack of validated available benchmarks can make it difficult for researchers to validate
the results of their tools, especially for AATs that focus on less commonly assessed skills, including
maintainability, readability and documentation.

In addition to increasing reproducibility and providing data for benchmarking, releasing publicly
available datasets could also allow researchers to find relevant data for their research, whether
automated assessment-related or other code-based research, without requiring the researchers
to develop a new dataset. This could decrease the overall time spent on a project and produce
cutting-edge research faster.

7.6 Limitations of AAT Provided Feedback (RQ6)

Most AATs provided feedback in one form or another, with dynamic analysis tools typically showing
whether the test cases succeeded and if they failed the expected output and actual output or the
exception/compiler message if one was thrown. Providing the test results can aid students’ learning,
especially when providing near-instantaneous feedback allowing students to get feedback on their
progress. However, the lack of detailed feedback can frustrate students when they cannot figure out
why certain test cases are failing, for example, when the expected and actual outputs look identical
to the student but have an unnoticed trailing space. Furthermore, passing compiler and runtime
exceptions directly to the students without post-processing is inadequate and presents a barrier to
progress and a source of discouragement [16].

Feedback utilising static analysis also shares similar limitations. The tools that use code repair
typically suggest edits that can be made to make the code compilable but with a limited explanation
of why the suggested fix makes the code compile. Tools based on software metrics or linters
often provide overwhelming feedback to the student, typically highlighting each occurrence of
a readability, maintainability or documentation issue. Furthermore, as these AATs are typically
based on tools designed for professional software engineers, the feedback supplied to the student
can be confusing and contain feedback on topics they have yet to learn about.

While there are limitations to feedback provided by AATs, human-provided feedback is also
imperfect. Instructors can provide more nuanced and directed feedback for particular students.
However, this takes time, and when assessing large cohorts is practically impossible. AATs typically
provide enough feedback to aid most students’ learning while allowing instructors more time to
aid struggling students. Further research into the effects of AATs on student learning compared to
assessment by human graders could be undertaken in the future.

7.7 Performance Against Human Assessors (RQ4, RQ5)

Evaluating AATSs against human assessors is a common method of assessing the quality of AATs,
second to conducting user studies. Most evaluate how accurate or well the AAT grades correlate
with human graders, with few comparing the automatically generated and human-generated
feedback. Those that evaluate automatically generated feedback against human-generated feedback
primarily focus on whether the instructors agree with the generated feedback provided or if the
generated feedback is accurate regarding errors detected or categorisation of issues within the
code.

Further research is required to evaluate the learning effect of automatically generated grades and
feedback compared to human-provided grades and feedback, mainly which elements are assessed
and the quality and quantity of the feedback provided to the students.
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7.8 Results Compared to Related Systematic Literature Reviews

Most of the related work investigates AATs outside of our publication window of 2017 to 2021; here,
we compare our results with the previous reviews in this area to discuss any potential long-term
trends when combined with our results. Souza et al. [168] investigated AATs between 1985 and
2013 and found that most tools were fully automated, with less than a quarter of tools that they
reviewed opting to develop a semi-automated tool. This trend for fully automated tools has not
changed in our review, and we also found that most tools were fully automated, with only 14% of
tools using a semi-automated approach.

Similarly, Keuning et al. [95] focused on conducting a systematic literature review of feedback
provided by AATs between 1960 and 2015. They provide a more in-depth analysis of feedback
provided by AATs by utilising Narciss’s [130] feedback categories and found that most AATs
provide feedback on finding mistakes using test-based feedback. Our results also show this trend
of providing feedback on mistakes, primarily using the output of dynamic analysis. Keuning et al.
also found that some AATs provide feedback on how to proceed. Our review also found instances
of AATs providing feedback on how to proceed, typically tools that provide feedback based on code
repair.

Furthermore, Keuning et al. categorised the tools by language paradigm assessed and had similar
results to our review, with most tools assessing object-oriented languages and few tools supporting
the assessment of logic, functional or other paradigms. They also analysed the quality of the AATs
they reviewed. They found that most utilised empirical approaches, such as comparing to learning
objectives, conducting student and teacher surveys, or evaluating the AAT based on the time taken
to complete a task, with other tools being evaluated analytically, anecdotally or not at all.

We found similar trends in assessing object-oriented languages and most tools being evaluated
using empirical methods. However, we provided a more in-depth analysis of evaluation techniques
and found that most tools are evaluated by surveys or by comparing the results against manual
grading.

While the other systematic reviews discussed investigate papers published in years that do not
overlap our review, Paiva et al. [139]’s review investigates publications between 2010 and 2021.
They investigated assessment techniques and found that whitebox dynamic analysis and static
analysis are gaining more traction as methods to assess the functionality of submissions.

For code quality and software metrics, they discuss tools that utilise existing code quality tools
and software metrics. While there is an overlap to Paiva et al.’s review, our review provides a more
detailed analysis of the techniques used to assess submissions by introducing categorising tools by
both the key skills and the approaches used — whereas Paiva et al. primarily focus on the domains
graded, such as visual programming, computer graphics, and software testing, how secure the code
execution is, and the effectiveness of the tools.

7.9 Threats to Validity

Limiting the search for primary studies to IEEExplore, ACM Digital Library, and Scopus may have
led to some relevant primary studies not published in an IEEE, ACM or a Scopus-indexed publication
being missed. Additionally, given that some titles and abstracts did not clearly state what their
papers addressed, some papers may have been mistakenly excluded during the title and abstract
screening. To mitigate incorrectly excluding papers at this stage, the screeners opted to include
such papers in the title and abstract screening to allow further analysis during the introduction and
conclusion screening stage. If, during the screening stage, the screeners disagreed on whether a
paper should be included, they discussed their disagreements and came to a consensus if the paper
should be included.

, Vol. 1, No. 1, Article . Publication date: December 2023.



Automated Grading and Feedback Tools for Programming Education: A Systematic Review 29

We opted not to conduct a snowball search, where after the screening stage, included papers
references are searched for any other papers that match the inclusion criteria. We decided against
conducting a snowball search, as we felt that our final number of included papers was enough to
provide a practical overview of the state of the art without delaying the publication of our review.
However, as a result, there are other papers we most likely have missed in our initial search that do
not contain the keywords in our search string in their titles or abstracts.

Commercial AATs may not have been included in our study as they do not have any associated
academic literature. While many institutions use these commercial tools, the lack of literature
discussing them makes them out of scope for our literature review.

Although both screeners conducted the first round of annotations during the full-text screening
stage, additional annotations were needed while extracting the results. These additional annotations
were compiled by a single screener, with the final list of applied annotations being validated by the
second screener. Therefore, some papers may have been mislabeled or missing relevant annotations.

While writing our results for this paper, there was a rise in research into using large language
models (LLMs) within computer science education. This rise in LLMs can affect automated assess-
ment tools, especially with smaller, constrained assignments that are more susceptible to the code
generation functionality of LLMs. One study found that if ChatGPT is given clear and straightfor-
ward instructions, it can generate effective solutions for trivial and constrained assignments [135].
Another study found that the solutions obtained for non-trivial programming assignments are not
sufficient for the competition of the course, the LLM can correct solutions based on feedback from
an AAT [158].

8 CONCLUSION

This systematic review categorised state-of-the-art automated grading and feedback tools by the
graded programming skills, techniques for awarding a grade or generating feedback, programming
paradigms for automatically assessing programming assignments, and how these tools were evalu-
ated. Furthermore, we investigated why automated assessment tools focus on assessing specific
programming fundamental skills, discussed potential reasons for choosing a particular language
and degree of automation, and investigated how researchers evaluated tools and how evaluation
could be improved.

We found that most AATs in the scope of this review focus on assessing correctness using a
dynamic approach, most of which used unit testing to provide the grade and feedback. Feedback is
typically limited to whether the unit test has passed or failed and the expected and actual outcomes
if the test has failed. This can leave students frustrated, as often the feedback does not provide
enough detail to help the student to progress.

Another common approach to assess correctness is a static approach comparing a student’s
submission to a reference solution or a set of correct student submissions. Static analysis is also
used to assess both maintainability, readability and the presence of documentation. However, these
skills are assessed less often and typically in conjunction with correctness grading.

Instructors focus on assessing correctness, which is typically seen as one of the most crucial
skills. They can determine if students have used a specific language feature or algorithm and if
students can understand and convert requirements into a complete code base. While correctness
is often seen as one of the most crucial skills, maintainability, readability and documentation are
also vital. Maintainable, readable and well-documented code is typically easier to develop further,
especially when working in teams or on future releases.

Most tools offered fully automated assessment, allowing for near-instantaneous feedback and
multiple resubmissions without increasing the grading workload. Receiving feedback quickly
increases student satisfaction, and multiple submissions allow students more opportunities to
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succeed. However, fully automated tools typically limit the scope of the assignment to a smaller
scale and limit opportunities to show creativity.

Some tools opt for semi-automated approaches, where human graders manually assess elements
of the assignment, typically maintainability, readability and documentation, and automatically
assess correctness. While semi-automated approaches do not allow for near-instantaneous feedback,
they are faster than manual assessment. However, typical implementations do not resolve the
issues around limiting the scope of assignments, as correctness is typically assessed using the same
methodology as full-automated assessment.

In terms of language paradigms assessed, most assess object-oriented languages, such as Java,
Python and C++. Other language paradigms, such as functional and logic languages, have AATs,
but these are researched less often. Object-oriented languages are the primary focus for many
automated assessments due to the prominence of these languages in education and industry. Other
language paradigms are gaining more popularity, especially web-based languages like JavaScript.

Most papers evaluate an AAT, whether one they have developed or used in a course. The primary
evaluation technique was to conduct student surveys about their thoughts on the tool and how
using the tool aided their learning. Another common evaluation technique was to compare the
AAT to human graders, most focusing on the accuracy of the assessment using the human graders’
marks as a benchmark. The dataset used for evaluation is typically not published. While most
papers perform some form of evaluation, the evaluation is typically focused on a single tool, is
conducted by the tool’s developer and has mostly positive results.

While evaluating tools with student and teacher surveys can provide valuable insights into the
users’ experience with the tools, they do not evaluate the accuracy of the awarded grades and
feedback. Evaluating the accuracy against a benchmark or to human graders in conjunction with
the user’s experience allows instructors to compare similar tools for considerations in their courses.
Releasing evaluation datasets would allow researchers to reproduce and validate experiment results
and evaluate different tools against a common set of assignments. This would improve the evaluation
by providing verifiable and comparable benchmarks for the tool’s accuracy.

8.1 Recommendations

With most research into automated assessment of programming assignments focusing on assessing
correctness for small-scale closed assignments, we encourage researchers to investigate how to
automatically assess maintainability, readability and documentation, as these are key skills that are
not evaluated by most automated assessment tools. Furthermore, we suggest that future research
investigates how to assess open-ended assignments. Including semi-automated approaches to
automating the assessment of maintainability, readability and documentation while manually
assessing correctness or designing open-ended assignments to automate the assessment fully.

As web-based languages become more prominent, future research could investigate the automatic
assessment of web-based languages, including JavaScript and TypeScript. In addition to web-based
languages, automatic assessment of web application development could be investigated further
by investigating how to assess the use of popular web frameworks, user-experience design and
web-testing frameworks.

While researching new methods of automatic assessment for open-ended assignments, main-
tainability, readability and documentation and web-based languages, we suggest that authors
produce more robust evaluation practices and attempt to publish the datasets they used for their
evaluation. While some tools are evaluated by comparing their results to human graders, most are
only evaluated by student or teacher surveys or performance analytics, such as compute power
required or run times. Evaluating tools with a survey can provide meaningful insights into the
end-users opinions of a tool, but they cannot adequately determine the accuracy of the tool. The
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publication of annotated datasets would allow researchers to evaluate a tool’s accuracy to similar
tools on the same dataset, providing more significant evidence of the tool’s performance. Evaluating
against a benchmark dataset and using user surveys could provide a good mix of qualitative and
quantitative evidence to support the performance of their tools.

8.2 Data Availability

Our final list of annotated papers and data processing pipeline is available on GitHub!.
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A  SUPPLEMENTARY MATERIAL

A.1 Publications by Skill Graded and Category of Automatic Assessment Tools
Category
Dynamic Static Machine Learning
Correctness [1,5,7, 8,9, 12, 14, 15, 17, | [1, 2, 7, 8, 9, 18, 19, 20, 24, | [1, 27, 42, 54, 128, 164, 169,
18, 19, 20, 22, 23, 24, 25, 26, | 26, 27, 31, 32, 43, 64, 65, 68, | 182]
28, 31, 32, 33, 34, 35, 36, 38, | 72,76, 80, 81, 84, 90, 102, 105,
40, 46, 49, 50, 51, 54, 56, 59, | 113, 115, 116, 117, 121, 140,
60, 61, 62, 67, 68, 70, 71, 72, | 147, 156, 157, 160, 161, 167,
73, 76, 79, 80, 84, 85, 88, 91, | 174, 175, 176, 180, 182, 185,
94,97, 102, 106, 107, 108, 109, | 186, 190, 191, 193]
111, 112, 113, 117, 118, 119,
120, 125, 129, 133, 134, 140,
= 142, 143, 145, 146, 147, 151,
% 153, 154, 163, 166, 185, 187,
189, 192, 194]
Maintainability | [70, 91] [5,37,39, 62,92, 106, 156, 157,
179, 180, 181]
Readability [22, 28, 39, 51, 56, 59, 67, 70, | [42]
71, 81,83, 88, 89,90, 92, 94, 97,
114, 129, 132, 154, 156, 164,
179, 181, 187, 192, 194]
Documentation [64]

A.2 Publications by Technique Implemented

Technique References
Static Analysis [5,9, 22, 28, 32, 37, 39, 51, 56, 62, 64, 67, 71, 83, 89, 90, 102, 111, 114, 117, 129, 154,
156, 163, 164, 180, 181, 185, 187, 194]
Pattern Matching [9, 18, 27, 31, 76, 80, 105, 115, 116, 121, 157, 160, 161, 164, 167, 175, 176, 179, 182,
185, 190, 191, 193]
o | Model Solution Required [7, 14, 24, 37, 60, 62, 80, 81, 106, 108, 116, 120, 157, 160, 164, 167, 175, 176, 182,
i 185, 190, 191]
@ Style Check [5, 24, 26, 28, 33, 59, 64, 70, 71, 72, 88, 89, 97, 117, 132, 187, 192]
Program Repair [1,2,9,19, 65, 129, 140, 167, 174, 175, 181, 186]
Model Solution Closeness | [9, 65, 116, 121, 157, 160, 164, 176, 182, 185, 186]
A Code Repair for Feedback | [1, 65, 80, 108, 161, 167, 174, 186]
& Source Code Metrics [5, 39, 81, 90, 156, 157, 181]
% Unit Testing [5,7,8,9,12, 14, 15, 17, 18, 19, 20, 22, 23, 24, 25, 26, 28, 31, 32, 33, 34, 35, 36, 38,
] 40, 46, 49, 50, 51, 54, 56, 59, 60, 61, 67, 68, 70, 71, 72, 73, 76, 79, 80, 84, 85, 88, 91,
Lé 94, 97, 102, 106, 107, 108, 109, 111, 112, 113, 117, 118, 119, 120, 125, 129, 133, 134,
g 140, 142, 143, 145, 146, 147, 151, 153, 154, 163, 166, 185, 187, 189, 192, 194]
A | Output Matching [9, 31, 35, 115, 125, 128, 193]
Property-Based Testing [17, 62, 85]
Machine Learning [1, 27, 39, 42, 54, 128, 129, 164, 169, 182]
E Other [7, 8,9, 14, 15, 19, 20, 23, 24, 34, 38, 39, 43, 51, 54, 60, 62, 64, 65, 67, 68, 70, 72, 73,
5 79, 81, 84, 91, 92, 94, 97, 102, 106, 107, 113, 116, 117, 118, 121, 128, 132, 134, 143,
147, 157, 160, 161, 164, 175, 176, 179, 180, 185, 186, 187, 190, 191, 193]
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A.3 Publications by Degree of Automation

Degree of Automation

References

Fully Automated

[1,2,5,9,12, 14, 15, 18, 20, 22, 23, 24, 25, 26, 27, 28, 32, 35, 36, 37, 38, 39, 40, 42, 43, 46, 49, 54,
56, 59, 60, 61, 62, 64, 65, 67,70, 71, 72, 73, 76, 79, 81, 84, 85, 89, 90, 91, 92, 94, 97, 102, 105, 106,
108, 111, 112, 113, 114, 115, 116, 117, 118, 120, 121, 125, 128, 129, 132, 133, 134, 140, 142, 145,
146, 147, 151, 153, 154, 157, 160, 161, 163, 166, 167, 175, 176, 179, 181, 182, 185, 186, 187, 189,
190, 191, 192, 193, 194]

Semi-Automated

[7,8,17,31, 33, 50, 51, 68, 80, 88, 107, 109, 119, 143, 156, 169, 180]

Unclear

(19, 34, 83, 164, 174]

A.4 Publications by Language Paradigm

Language Paradigm

References

[6]0)

[1,2,7,9, 14, 15, 17, 18, 19, 20, 23, 25, 26, 28, 32, 33, 34, 35, 37, 38, 39, 42, 43, 46, 49, 50, 51, 54,
56, 59, 61, 64, 65, 67, 72, 73, 76, 79, 80, 81, 83, 84, 85, 88, 89, 90, 91, 92, 94, 97, 102, 106, 107, 111,
112, 113, 114, 116, 118, 120, 121, 128, 129, 133, 134, 140, 143, 145, 146, 147, 151, 153, 154, 156,
157, 161, 163, 164, 166, 169, 175, 179, 180, 181, 186, 187, 189, 190, 192, 193]

Functional [5, 17, 24, 60, 62, 70, 108, 115, 134, 167]
Low-Level [40, 117, 142]

Web [132, 157, 194]

Query [185]

Graphics [7, 8,118, 191]

Logic [105]

Agnostic [12, 27, 35, 109, 125, 163, 176]
Unknown [22, 31, 36, 68, 71, 119, 160, 174, 182]

A.5 Publications by Evaluation Technique

Evaluation Technique

References

Student Survey

[12, 15, 17, 23, 25, 26, 37, 39, 40, 42, 43, 59, 60, 61, 62, 65, 71, 73, 76, 81, 85, 92, 94, 109, 113, 117,
118, 120, 143, 145, 146, 151, 154, 166, 167, 191, 192, 194]

Manual Grading [1, 2,9, 31, 35, 38, 50, 56, 60, 68, 72, 79, 80, 81, 89, 105, 109, 111, 112, 117, 118, 128, 140, 147,
153, 156, 160, 161, 176, 180, 182, 185, 186, 187, 190, 193]

Analytics [7, 22, 32, 59, 64, 83, 89, 90, 91, 94, 107, 114, 121, 132, 133, 134, 151, 154, 163, 186]

Auto Grading 17, 18, 23, 27, 31, 73, 76, 80, 81, 106, 116, 133, 142, 151, 164]

None 8, 54, 67, 70, 84, 88, 119, 129, 157, 179, 181]

User Study 76, 108, 128, 153, 166, 175]

Grading Accuracy

Teacher Survey

26,51, 61, 92, 120, 174]

Compared to Other Tools

19, 125, 167, 175]

Anecdotal

5, 20, 33, 49, 189]

Other

[
[
[
[9, 14, 34, 169, 185]
[
[
[
[

15, 24, 28, 33, 36, 46, 83, 85, 97, 102, 114, 145, 164, 186]

A.6 Publications by Dataset Availability

Dataset Availability | References

Unavailable [5,7,8,9,12,14, 17, 18, 19, 20, 22, 23, 24, 25, 26, 27, 28, 31, 33, 34, 35, 38, 39, 40, 42, 43, 46, 49,
50, 51, 54, 56, 60, 61, 62, 64, 65, 67, 68, 70, 71, 72, 73, 76, 79, 81, 83, 84, 85, 88, 89, 90, 91, 92, 94,
97,102, 105, 107, 109, 112, 113, 114, 115, 117, 118, 119, 120, 125, 128, 129, 132, 133, 134, 140,
142, 143, 145, 146, 147, 151, 153, 154, 157, 160, 161, 163, 166, 169, 174, 175, 176, 179, 180, 181,
187, 189, 190, 191, 192, 193, 194]

Available [1, 2, 36,37, 59, 108, 164, 167, 182, 185]

On Request [15, 32, 80, 106, 111, 116, 121, 156, 186]
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