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Abstract. During the last decade, the use of AIs is being incorporated into the
educational field whether to support the analysis of human behavior in teaching-
learning contexts, as didactic resource combined with other technologies or as a
tool for the assessment of the students.
This proposal presents a Systematic Literature Review and mapping study on

the use of AIs for the assessment of students that aims to provide a general
overview of the state of the art and identify the current areas of research by
answering 6 research questions related with the evolution of the field, and the
geographic and thematic distribution of the studies.
As a result of the selection process this study identified 20 papers focused on

the research topic in the repositories SCOPUS and Web of Science from an
initial amount of 129.
The analysis of the papers allowed the identification of three main thematic

categories: assessment of student behaviors, assessment of student sentiments
and assessment of student achievement as well as several gaps in the literature
and future research lines addressed in the discussion.
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1 Introduction and Background

The word artificial intelligence is every day in everyone’s mouth. It is one of the most 
over-hyped research areas in media, and society is permeable to such publicity. It is 
true that artificial intelligence and its advancement are revolutionizing many aspects of 
our daily lives [1–4] and can improve the efficiency of different processes, but are those 
advancements adequately communicated?
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For years, artificial intelligence has been interacting with users in digital environ-
ments in more or less obvious ways [5]. In many cases, users are not aware that their
activity is continuously evaluated or intervened by software agents with a minimum of
intelligence. However, this non-obvious interaction affects these users and conditions
the resources, actions, or states that users reach in the digital environments they use [5,
6]. Today, one of the natural trends in different areas is to introduce intelligent software
agents to improve specific areas of computer systems. This has introduced an intense
discussion [7–9] about the effects of these agents, giving rise to reflections about the
privacy of the users, the ethics in such systems, or the need to create common working
frameworks that respect the users and their human characteristics. Too often, disre-
spectful behavior towards users has been observed, sometimes creating a negative
image of the algorithms and how they are used in conjunction with people [7, 10].

These issues are relevant in general, but even more so when they affect such
fundamental social and human issues like behavior, freedom, education, or social good.
In the case of this article, we will focus on how artificial intelligence is involved in a
specific case related to education and the social sciences, such as educational
evaluation.

For years, progress has been made in applying computer solutions to the education
process, with more or less success [11–14]. These computational approaches are
increasingly common in STEM (Science, Technology, Engineering, and Mathematics)
areas, while in other areas, they present some difficulties that limit the emergence of
such solutions. In the STEM areas, it is possible to assess the results of many opera-
tions or learning outcomes using calculation or mathematical processes. Therein lies
the growth of computational approaches related to education in such areas and the
appearance of algorithmic evaluations or algorithm-based educational approaches [15].
Something as simple for a computer as checking the result of a set of operations,
calculations, or processes regulated by mathematics can facilitate the work of teachers
and educators when correcting exercises, exams, or assignments within a regulated
context. This benefit is even more evident in contexts with many students or people
involved in similar processes (like in MOOCs). As a related context, it is possible to
cite several works in the field of research in Learning Analytics or Educational Data
Mining[16–18] that deal with this type of questions or the use of tools such as Jupyter
notebooks [19] in STEM areas to support the educational process and evaluation
(through Jupyter-related packages such as nbgrader [20, 21]).

However, to the extent of our knowledge, due to the novelty of the field, there is
still a lack of secondary studies that provide a systematic overview of the state of the art
that allows the clear identification of lines of research.

This paper deals with these issues and related aspects aiming to fill a research gap
through a systematic literature review (SLR) and mapping study [22] focused on how
artificial intelligence or similar algorithmic methods have been used for the educational
assessment of students.

To do so, the article is composed of the following sections: Sect. 2 describes the
methodology employed to perform the SLR, including the research questions, the
search string, the repositories and the selection process; Sect. 3 exposes the results of
the SLR answering the research questions, and, finally, Sect. 4 provides a discussion on
the most relevant findings.
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2 Methodology

As we have seen, this study combines two different techniques for literature review,
namely a systematic literature review and a mapping study. These two techniques have
in common the structured and planned examination of large amounts of information in
a replicable way [23]. However, while the main objective of mapping studies is to
provide a general overview focused on characteristics external to the content of pub-
lications such as the geographical distribution or the evolution of the number of studies
over time, SLRs aim to answer more in-depth questions related to the areas of study,
the variables used or the methodology among others[22, 24].

In consequence, this investigation employs a combination of this two techniques
aiming to answer the following six research questions.

1. What has been the evolution of the number of documents covering the use of AIs in
student assessment?

2. Who are the most relevant authors in the field?
3. What is the most common source for the dissemination of results in the field?
4. Where do the studies take place?
5. Which is the population of the study?
6. Which are the most frequent uses of AIs in student assessment?

Following the proposal by Kitchenham and Charters [22], the following inclusion
criteria were designed to guide the selection process and ensure the adequacy of the
papers selected:

1. The research papers are related to the use of IAs for student assessment.
2. The research papers include empirical research.
3. Research papers have been published after being subjected to a peer review process.
4. Research papers are written in English.

If a study did not meet all the inclusion criteria it was excluded from the research
during the selection process.

In order to identify the papers in the databases we employed the following search
string considering both the research questions and the possible alternative spellings and
synonyms: (AI OR “artificial intelligence”) AND (“students assessment” OR “students
evaluation” OR “assessment of the students” OR “evaluation of the students”).

This search string was introduced in the two databases: SCOPUS and Web of
Science (WOS). This two databases were selected considering that both of them allow
the use of logical expressions, searches in specific fields or full-length searches and are
relevant to the field. Additionally the use of this two databases is considered enough to
perform valid SLR and mapping studies [25–27]. The introduction of the search string
on the two databases provided an initial number of 120 studies (109 from SCOPUs and
20 from WOS) on December of 2019.

PO
ST



These initial results were recorded on a spreadsheet and, after the removal of the
duplicates, were subjected to the inclusion criteria screening the titles abstracts and
keywords of the papers. When such elements did not include enough information the
researchers also screened the full text of the publications (Fig. 1).

3 Results

The application of the inclusion and exclusion criteria yielded a total of 20 papers on
the topic of the use of AI for student assessment. This section presents the analysis of
the characteristics of the selected documents in order to answer the research questions
posed in the method section, both for the mapping and the SLR.

Fig. 1. Selection process. Reported in line with the PRISMA statement [28]
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Q1: What has been the evolution of the number of documents covering the use
of AIs in student assessment?

Regarding the evolution of the research field, we can see in figure X that, while
there is not a clear upward trend, there does seem to be an evolution towards more
research in the past years, especially since 2017, with 14 out of the 20 papers (70%)
published within the last three years (Fig. 2).

Q2: Who are the most relevant authors in the field?

There were 66 different authors in the 20 selected documents, but none of them had
authored more than one paper, therefore no author stood out as a prominent researcher
in the field.

Q3: What is the most common source for the dissemination of results in the
field?

Most of the authors chose to disseminate the results of their research through the
elaboration of conference papers (70%, 14 documents), published in the form of pro-
ceedings from computer science and AI-based conferences. The rest of the documents
(60%, 6 documents) were papers published in scientific journals. While all the papers
come from different journals, all of them are from the science and engineering field.

Q4: Where do the studies take place?

Although there is a large variety of countries where the selected studies take place,
there are two countries that stand out: the United States of America, with 5 papers [29–
33], China with 3 papers [34–36], and Pakistan with 2 papers [37, 38].

Figure 2 shows the dispersion of studies conducted in the European region, which
are located in Greece [39], Macedonia [40], Norway [41], Poland[42], Serbia [43] and
the United Kingdom [44].

Other countries represented in the selection are Mexico [45] in North America,
Turkey [46] in Asia, Mauritius [47] in Africa, and Fiji [48] in the Pacific region1.

Fig. 2. Year of publication of the studies

1 The last two countries are not represented in the map in Fig. 3 due to their small size.
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Q5: Which is the population of the study?

Out of all 20 papers, 14 were focused on Higher Education students and 1 focused
on Secondary Education Students [39]. The other 5 were not aimed at a particular
group of students, since they were theoretical in nature [32, 40, 41, 44, 47].

Q6: Which are the most frequent uses of AIs in student assessment?

Aiming to characterize the main aim of the papers analyzed for this study, three
thematic categories emerged: assessment of student behaviors, assessment of student
sentiments and assessment of student achievement.

There were four papers focused on the study of student behaviors with different
aims. Two studies analyzed the social interactions performed by students within the
framework of an online course in order to predict their final outcome or achievement in
the course [32, 48]. The other two used information on the behavior of students during
the performance of a given task in order to personalize their user experience. In one of
them, the aim was to provide the student with useful assistance during the task [45] and
the other aimed to tailor an enemy bot during a gaming experience [43].

Six studies were focused on student feelings or sentiments, aiming to assess and
determine the emotional state of the students when performing a given task or par-
ticipating in a given course. The aim of four of them was to analyze the students’
opinions on the teaching and learning processes and models developed in the course
[31, 33, 34, 37, 42], and the other one intended to use the data on student emotions to
predict their chances of finishing a MOOC and subsequently provide personalized
messages to encourage the students who are less likely to finish the course based on
their emotions [36].

There was another block of papers (10) whose main focus was the assessment of
student achievement through AI-based methods. More than half of these papers were

Fig. 3. Countries where the studies took place
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focused on the automatization of the correction of different types of student productions
in order to assign a grade to their work. There were two studies that applied AIs to
multiple-choice tests aiming to improve the fairness of the correction process [41] or to
implement an adaptive testing system, where each student gets questions tailored to
their answers to previous ones [35]. Another study intended to automatize the cor-
rection of short answers to structured questions in order to reduce the instructors’ time
spent in grading student work [47]. Lastly, there were three studies aimed at grading
productions other than tests. Two of them focused on grading the results of lab
exercises [29, 46] and another one developed an AI in order to assess concept maps
elaborated by the students.

Other researchers used AIs to analyze secondary achievement data from the stu-
dents (previous grades obtained in tests and/or assignments) in order to either predict
the students’ final score in the course [38–40] or to categorize the students’ work
throughout the course according to a pre-established set of grade categories (A, B, C,
etc.) [44].

Figure 4 shows a summary of the categories and subcategories detected in the
study.

4 Discussion and Conclusions

This literature review has served to address some issues regarding the status of research
on the use of AIs for student assessment.
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Fig. 4. Summary of AI uses in student assessment
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Firstly, the answer to the first research question points out that the research in this
field is still at a very early stage of development given that all the selected works have
been published in the last decade and more than half of them in the last five years.

This short period of development may have resulted in a wide dispersion both in the
number of publications per author and in the geographical distribution, although USA
and China concentrate most of the research.

In the same vein, it is striking that all publications have been made in conferences
and journals in the field of computer engineering existing a lack of studies focused on
the use of AIs for the assessment of the students from a pedagogical perspective. This is
a usual phenomenon in the early stages of integration of any technological innovation
in the educational field [49] and constitutes a very interesting line of research for future
studies.

Additionally, all of the studies except one are focused on the higher education level,
therefore extending the research to other formal education levels may constitute another
line for the future development of investigations.

In the answer to research question 6, three major thematic areas have been iden-
tified, focusing on the study of student behavior, feelings and achievement. Future
studies should extend this lines including the use of IAs in more ambitious didactic
designs, paying attention to the assessment of different competences or the detection of
educational needs.

Finally, this study presents some limitations. In the first place, although SCOPUS
and WoS are the more relevant databases of scientific publications they may not
include some works of interest published in less relevant journals or conference pro-
ceedings, therefore future studies could consider the use additional databases such as
Google Scholar in order to diminish the effect of the publication bias.

Secondly, this review has only considered the direct results obtained in the two
databases as a first approach to the field, future studies may find of interest to include
additional records identified through other sources to increase the number of publi-
cations analyzed.
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