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Abstract
Sentiment Analysis (SA), a technique based on applying artificial intelligence to ana‑
lyze textual data in natural language, can help to characterize interactions between 
students and teachers and improve learning through timely, personalized feedback, 
but its use in education is still scarce. This systematic literature review explores how 
SA has been applied for learning assessment in online and hybrid learning contexts 
in higher education. Findings from this review show that there is a growing field of 
research on SA, although most of the papers are written from a technical perspec‑
tive and published in journals related to digital technologies. Even though there are 
solutions involving different SA techniques that can help predicting learning perfor‑
mance, enhancing feedback and giving teachers visual tools, its educational appli‑
cations and usability are still limited. The analysis evidence that the inclusion of 
variables that can affect participants’ different sentiment expression, such as gender 
or cultural context, remains understudied and should need to be considered in future 
developments.

Keywords  Artificial intelligence · Review of literature · Technology · Higher 
education · Gender

Introduction

In the last decade, there has been a significant raise in the amount of research 
articles, projects, and initiatives around the use of Big Data and artificial intel‑
ligence in education (Kastrati et  al., 2021). Some of these studies have been 
developed in higher education, including online learning and hybrid or blended 
learning contexts. In these educational settings Virtual Learning Environments 
(VLE) such as Moodle are very common. Since the COVID19 pandemic there is 
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an extensive number of students’ data stored and exchanged through these edu‑
cational platforms.

With the aim of understanding and optimizing learning, different techniques 
for data analysis, measurement, collection, and reporting about learners’ vari‑
ables (e.g., time spent using the VLE, number of messages exchanged or type of 
interactions) are developed and grouped under the umbrella of Learning Analyt‑
ics (LA) (Buckingham Shum & Ferguson, 2012). These techniques have been 
extensively studied in higher education in relation to performance and dropout 
predictions (Iglesias i Estradé, 2019), and assessment (Kastrati et al., 2021).

Sentiment Analysis (SA) is one of these LA techniques, defined by Mite-
Baidal et  al. (2018) as the contextual mining of unstructured text from docu‑
ments, so that structured and insightful knowledge can be obtained and used for 
different goals. From the analysis of how students express themselves, especially 
in asynchronous environments, such as texts, forums, wikis or debates, teachers 
and students can have more information about students’ satisfaction and reac‑
tions within a learning activity. Hence, teachers can appropriately and timely 
adapt their teaching, improving the quality of learning processes, while students 
can develop self-reflection. However, most of the SA techniques demand a high 
level of programming skills to be implemented (Kastrati et al., 2021). Addition‑
ally, they provide complex results in return, which hampers its use for almost all 
teachers and students. Therefore, it becomes necessary to explore which tech‑
niques have been developed, in which educational contexts, and also which of 
them integrates frontend modules or visual software to facilitate the interpreta‑
tion of SA results among higher education teachers and students.

On the other hand, research on human communication has identified the exist‑
ence of gendered patterns, which can be different for specific areas. For instance, 
Çoban et al. (2021) showed that male users on social media posted more posi‑
tive messages as they were older, while the opposite was observed for females. 
Unfortunately, these patterns seem not having been integrated in the big data 
techniques. Thelwall (2018), argues that these techniques (and SA as well) can 
be gender biased. To promote a fair and inclusive education, it becomes neces‑
sary to explore how SA techniques can be more gender sensitive. It becomes 
necessary to study systematically previous contributions to have a better per‑
spective on how SA can be applied inclusively in higher education.

This systematic literature review explores how SA has been implemented 
as a tool for assessment in online higher education research, to identify useful 
tools and techniques and if these have been applied within a gender perspective. 
To this end, this paper presents a brief literature review of the main concep‑
tual points, the aims and research questions of the systematic literature review, 
and the methodology, based on the PRISMA statements (Moher et  al., 2009). 
Results and discussion section shares the outcomes of the systematic literature 
review and raise different challenges identified from the analysis. Conclusions 
highlight the major contributions of our work, considering its limitations and 
future implications.
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Literature review

SA for learning assessment in online higher education

Assessment of learning involves a process of verification, evaluation, and deci‑
sion-making with the purpose of optimizing the teaching–learning process 
(Pinger et al., 2018). Formative and final assessment can increase motivation and 
involvement of students and provide opportunities for the correction of errors 
(Gikandi et  al., 2011). Formative assessment represents a learning experience 
itself, developing students’ autonomy, communication, and self-reflection and, in 
consequence, improving academic achievement (Martínez Cámara et  al., 2016). 
An adequate formative assessment becomes essential for higher education online 
learning environments.

Different formats for providing formative assessment in online learning envi‑
ronments can be used, such a reflection papers/diaries, quizzes, wikis, discussion 
forums, blogs and e-portfolios (McLaughlin & Yan, 2017; Vonderwell & Boboc, 
2013). Among these, discussion forums are the most common formative assess‑
ment tools (Xiong & Suen, 2018).

Traditionally, in online higher education, teachers carry out formative assess‑
ment from a one-to-one perspective. However, there is a consensus in the peda‑
gogy literature that individuals learn from student–teacher interactions, but also 
from other social, student–student interactions (Borokhovski et al., 2012). From 
this perspective, different studies have investigated how online formative assess‑
ment can also integrate all these interactions and relate them to successful learn‑
ing outcomes (Onan, 2021).

In the learning process, it is of particular interest how the affective domain may 
influence and be influenced by the interaction with peers. According to Bucking‑
ham Shum and Ferguson (2012), online learners may use the affective domain of 
learning to clarify their intentions, ground their learning, and engage in learn‑
ing conversations. Kashy-Rosenbaum et al. (2018) measured significantly higher 
academic achievement within classrooms characterized by positive emotional 
environment, and significantly lower within classrooms characterized by nega‑
tive emotional environment. In VLE, participants can share additional insights 
regarding course topics and provide their impressions and affective states through 
online forums and debates (Moreno-Marcos et al., 2019), easing the data storage 
of such information.

However, the enormous amount of information exchanged through VLE can 
exceed an affordable workload for teachers (McCarthy, 2017). This difficulty in 
digesting a big amount of textual data in a relatively short length of time may 
seriously jeopardize the understanding of social online learning and, in conse‑
quence, the quality of periodic formative assessment provided (McLaughlin & 
Yan, 2017).

For these reasons, in educational settings, different SA techniques have been 
developed as a proxy measure in real time students’ sentiments (Yadegaridehkordi 
et al., 2019). SA techniques have been mostly used to improve the understanding 
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of educational processes, study participants’ satisfaction, and make performance 
and dropout predictions (Iglesias i Estradé, 2019). These techniques are designed 
and trained with a collection of textual data, and its application usually involves 
a high level of programming skills. As well, some researchers are starting to 
develop complementary front-end solutions to ease the technique management 
and interpreting results, such as edX-CAS or RAMS (Cobos et  al., 2019; Elia 
et al., 2019), but there is not a global picture about what different solutions can 
be found in the literature and which of them are best suited for HE. Therefore, to 
leverage the benefits of formative assessment using SA, it becomes necessary to 
know what automated tools exist to help teachers to efficiently process and under‑
stand data from students’ sentiments, so they can enhance the timely assessment 
of learning.

Gender Bias in SA, higher education and assessment

Unfortunately, SA techniques have paid little attention to potential differences in 
communication related of personal characteristics of participants, such as cultural 
differences, language barriers, age, and gender (Yadegaridehkordi et  al., 2019). 
However, researchers have identified the existence of gendered patterns of commu‑
nication between participants’ uses of virtual environments. In VLE, females usu‑
ally interact more than their male peers (Oreski & Kadoic, 2018; Van Horne et al., 
2018), they usually participate to a lesser extent in the proposed activities with con‑
tributions that integrate fewer mistakes (Kickmeier-Rust et  al., 2014). Moreover, 
Shapiro et  al. (2017) observed that females expressed more negative views about 
their progress and self-perceived evaluation. These differences in communication 
patterns have not been considered in SA techniques development. This can jeopard‑
ize the effectiveness of SA as a generalized assessment tool, but also introduce bias 
and inequality in formative assessment.

Previous systematic literature analysis about SA

To establish the present context for this review, considering the prior research is man‑
datory. Relevant literature on the field of SA in education was examined, and three 
previous systematic literature reviews about SA were found: Kastrati et  al. (2021), 
Mite-Baidal et al. (2018), and Zhou and Ye (2020). Mite-Baidal et al. (2018) studied 
the application of SA in e-learning in higher education. These authors focused their 
analysis on the resources and techniques used in relation to different SA analyti‑
cal approaches, and the major benefits of SA. These benefits were “learning process 
improvement, performance improvement, reduction in course abandonment, teaching 
process improvement, and satisfaction with a course” (Mite-Baidal et al., 2018, p. 292), 
evidencing that the literature analysis had been carried out from the perspective of the 
improvement of the design of e-learning systems and teaching efficiency. The second 
review, carried out by Zhou and Ye (2020), followed a similar approach, but unlike the 
previous literature review, these researchers identified SA could also be used to help 
students perceive their emotions through the use of visual presentation and feedback. 
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However, apart from the improved ability to perceive and adjust one’s emotions, the 
authors did not discuss how SA could be a tool to ameliorate students’ formative 
assessment strategy through the improvement of self-reflective skills. Finally, Kastrati 
et al. (2021), carried out a more technical approach review, focused on the analysis of 
the datasets, solutions and the emotional expression and detection of the SA techniques 
used; they did not consider how SA techniques are used within the teaching—learning 
process whatsoever.

Previous systematic literature reviews have contributed to understand which SA 
techniques and its features have been used for educational purposes as well as, which 
applications for teaching and course design improvements can be identified in recent 
years. They evidence that the solutions are usually too technical, and that there is a lack 
of research effort on the use of general-purpose visualizing solutions (Kastrati et al., 
2021). These reviews also identify a lack of research about how SA can be a tool for 
leveraging the quality of the formative assessment provided and how students’ self-
reflective skills and metacognitive abilities can be developed; as Treceñe (2019) high‑
lights, and as well how SA can be use with a more inclusive approach. Therefore, this 
article focuses on the analysis of the use of SA as a tool to improve students’ assess‑
ment and their learning processes from a gender-perspective approach, as a step in the 
development of fair SA techniques based on previous research evidence.

Aim and research questions

The body of literature is lacking a review that systematically classifies the research and 
results of the application of SA in higher education domain, related to students’ feed‑
back and assessment, considering possible gender differences in students’ communica‑
tion, and offering practical solutions for teachers. Hence, this literature review aims at 
exploring how Sentiment Analysis (SA) has been applied in higher education to iden‑
tify best strategies in fostering gender-inclusive online learning environments. In par‑
ticular, the following questions and sub-questions arise:

•	 (RQ1) Which are the different SA techniques used in formative assessment in 
higher education?

•	 (RQ2) Which are the different frontend software based on SA developed to provide 
teachers and students with timely and easy-to-understand SA analysis?

•	 (RQ3) Which are the general contributions of SA as a tool for students’ assessment 
in higher education?

o	 (RQ3.1) From these general contributions, how has SA been used in higher 
education, from a gender perspective?
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Methodology

This literature review was conducted in the following three review phases based on 
Kitchenham (2004): planning, conducting and reporting. Since this method requires 
an established search protocol and rigorous criteria for the screening and selection 
of the relevant publications, we utilized the Preferred Reporting Items for System‑
atic Reviews and Meta-Analyses (PRISMA) guidelines, as indicated in Liberati 
et al. (2009). These guidelines were used for the description of the eligibility crite‑
ria, information sources, data collection process, data items, and synthesis of results, 
as summarized in Fig. 1.

Study search strategy

The following search string was used to search in ERIC, Scopus, and Web of Sci‑
ence databases:

(“distance education” OR “distance learning” OR “virtual learn*” OR “virtual 
classroom” OR “online learning” OR “Web-based learning” OR “electronic learn‑
ing” OR blended OR hybrid OR “computer-assisted instruction”) AND (“senti‑
ment*” OR “sentiment analysis” OR “learning analytic*”) AND (“assessment” OR 
“feedback*” OR “evaluation*” OR “formative assessment”).

Fig. 1   Graphic summary of the literature review procedure, based on the PRISMA statement Liberati 
et al. (2009)
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Studies considered for the identification phase could come from publicly avail‑
able scholarly articles, book chapters, technical reports, dissertations, or presenta‑
tions at scholarly meetings from Educational Sciences disciplines. We restricted the 
search to study title, abstract and keywords.

As results from the first strategy search were mostly from computer-science dis‑
ciplines, manual searches were performed in 21 educational research journals, those 
were identified from the first strategy search, and also from the references in the 
three SA reviews mentioned in the introduction. Journals’ websites were visited, and 
the same search string was used to search for articles related to higher education and 
teacher training as a complementary search.

Inclusion and exclusion criteria

Table  1 shows inclusion and exclusion criteria used in the screening, eligibil‑
ity, and inclusion phases. All studies that met one or more exclusion criteria were 
excluded. Timeframe for publication’s date was from January 2006 to June 2021. 
The 2006  year is considered to be the beginning of the “learning analytics age”, 
according to Picciano (2012). The end date was set on June, as this study was con‑
ducted between May and August 2021.

Conducting the review

Before starting the review, the authors discussed and agreed on the research ques‑
tions related to the information to be extracted from the publications. From this, the 
authors defined the search strategy and the inclusion and exclusion criteria.

Identification phase

In this phase, the documents from all the databases were retrieved using the search 
string. 402 publications were retrieved from the three databases and 134 publica‑
tions were added from additional outstanding journals, identifying a total of 536 
potential publications. We extracted information about the publication itself (i.e., 
title, authors and year of publication), learning outcomes, SA techniques and tools 
or software, and gender analysis, and incorporated it into a database for further anal‑
ysis. This process identified and removed 14 duplicates and select 518 publications 
for the screening phase.

Screening phase

In the screening phase, documents were excluded by title applying the exclusion cri‑
teria (Table 1). We filtered 247 publications that were not meeting at least one exclu‑
sion criterion. A total of 271 publications were selected for the eligibility phase.
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Eligibility Phase

Abstracts of the 271 publications were read to assess whether they satisfied the 
inclusion and exclusion criteria (Table  1). We excluded 213 publications, mostly 
because they did not focus on education (111), did not focus on higher education 
(70), or although the research context was educational, they focused only on techni‑
cal aspects of SA (32). 58 publications were selected for the eligibility phase.

Inclusion phase

The 58 remaining publications were examined by reading them and applying the 
inclusion and exclusion criteria (Table 1). Finally, 31 publications were excluded. 4 
of them were not accessible, and 27 publications did not meet the following inclu‑
sion criteria: SC1 (7), SC2 (6), SC 3 (12), and SC4 (2). We applied SC5 criteria 
to include references but still, we kept those ones not meeting it, to have a broader 
sample of final publications considered. 22 publications were finally selected. These 
publications were studied, based on the information in the database, by undertaking 
a qualitative synthesis to answer the research questions. Results are presented in the 
next section, following each of the three research questions.

Results and discussion

Dataset characteristics

A sample of 22 studies met all the IC for RQ 1,2, and 3. A first analysis of the search 
results evidence that although SA for evaluation in higher education is receiving 
increased attention by educational and technological research fields year by year (as 

Fig. 2   Evolution of the number of references in the last 9  years. Note. Results of 2021 were included 
until June
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can be seen in Fig. 2), it is still an emerging field. Hence, 11 of 22 studies were con‑
ference publications, which could be interpreted as a first step in the development 
before publishing in journals.

Regarding the origin of the publications, most of the references came from the 
American continent (eight references): USA (5), México (2) and Brazil (1). Six ref‑
erences were European: Greece (2), Spain (1), Portugal (1), Italy (1), and Finland 
(1). Five references were African: Nigeria (1), South Africa (1), Saudi Arabia (1), 
Morocco (1), and Egypt (1). Only two references were Asian: China (1) and Taiwan 
(1), and only one reference was from Australia.

Most of the studies focused on computer sciences (9 references; 41%), while 
other studies focused on science (3), engineering (1), and teacher training (2). Seven 
references did not specify the area of study, but mentioned undergraduate (2), post‑
graduate students (1) and learning communities (4). Moreover, in 11 studies (50%) 
authors used SA as an assessment tool in hybrid learning contexts and 11 (50%) in 
online learning. These results show that SA researchers usually came from STE(M) 
areas and from higher educational contexts where online learning plays an important 
role.

Regarding methodology, 14 studies were quantitative (from big-data analy‑
sis to longitudinal studies), while 4 were qualitative, and 4 used a mixed-methods 
approach. Because of this diversity in the methodological approach, samples sizes 
varied from 28 to 2600 direct participants, and when using statements or sentences 
as a sample, this ranged from 120 to 171,430 statements.

A first analysis evidences how research papers have evolved; while the first stud‑
ies mainly focused on the methodological part (computer sciences perspective), 
up today studies consider educative application for higher education. The order of 
research questions tries to facilitate the presentation of major contributions and, for 
this reason, emergent themes that resulted from the analysis of the 22 publications 
considered, are described below.

RQ1. SA techniques used in formative assessment in higher education

Major contributions to answer RQ1 are structured around three topics; automatic 
data collection, information extraction and sentiment measurement, as follows:

Automatic data collection

There is an evolution towards the automatization of the previous stage of SA, refer‑
ring to how data is collected and preprocessed before conducting SA. Major changes 
are identified specifically in the data collection gathered manually in the first studies, 
as in Abdulsalami et al. (2017) and Zhang et al. (2012). Different authors evidence 
the lack of a suitable integration between educational platforms and SA processing 
modules, becoming information retrieving a tedious task for teachers. To foster the 
adoption of SA in higher education, recent studies have worked on more complex 
systems integrating agents to collect posted students messages from diverse dis‑
cussion forums or considered sources, as in Alencar and Netto (2020). Within this 
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trend, future studies might develop methods to integrate students’ productions on 
different supports beside text (Elia et al., 2019). The ethical implications that could 
emerge from a massive and systematic collection of students’ productions need to 
be considered, especially regarding the transparency of institutions, the re-purposed 
data analysis, and the meaningful alternatives that participants have when not allow‑
ing their data to be shared (Andreotta et al., 2021).

Information extraction

Forum messages and emails become the main data sources on learning assess‑
ment in online Higher Education (Alencar & Netto, 2020; Camacho & Goel, 2018; 
Chaabi et al., 2019; Le et al., 2018; Osorio Angel et al., 2020). In blended scenarios, 
other data sources as video transcriptions and readings have been used (Cobos et al., 
2019). Two major method approaches to SA are used to detect potential sentiments 
and opinions in texts: the lexicon-based approach, also called Natural Language 
Processing (NLP), and the Machine Learning (ML) approach. The most frequent 
approach is NLP (ten studies), consisting of the extraction of meaning from human 
language using previous libraries (lexicons) as a reference. NLP does not need to 
take context into account, and it uses an amount of open and free linguistic librar‑
ies available online (Zhang et al., 2012). It also enables a broader scope for making 
inferences, finding patterns in textual data, and inferring an emotion (Mostafa, 2020) 
with a high precision but a low recall. Hence, although the setting of the SA tech‑
nique can be more accessible to develop, the lack of discipline-specific libraries is 
an important limitation, as some specialized terms can be wrongly associated with 
emotional states (Nunez, 2020). For this reason, some authors argue that using only 
a lexicon-based approach is not the best method of sentiment analysis, since impor‑
tant information may be missed (Alblawi & Alhamed, 2017).

The ML approach, used in five of the 22 references, is a subset of Artificial Intel‑
ligence (AI), in which the algorithm progressively “learns” to identify positive and 
negative sentiments, allowing a more accurate pattern prediction than NLP. How‑
ever, ML needs supervised analysis and a higher amount of data to train the AI and 
make better predictions (Alencar & Netto, 2020), which is the main reason for its 
less frequent use. However, from our perspective, ML approaches might be more 
respectful of cultural diversity in Higher Education institutions, as not only would 
be more feasible to be implemented in institutions using a regional or minority lan‑
guage as vehicular, but also, respect the cultural differences in how students from 
same language speaking countries express themselves (e.g., Latin-American stu‑
dents vs. Spanish students). The remaining seven studies use both techniques (NLP 
and ML) to build a more solid process of SA, as both methods are non-exclusive and 
can be complementary used, as in Alblawi and Alhamed (2017).

Among these studies, an increasing trend of using third-parties SA software 
emerges. MeaningCloud (Bilro et  al., 2022) or RStudio packages (Okoye et  al., 
2020) facilitate the utilization of SA in broader educational contexts and better 
explore its potential contributions in this field. However, we caution against the mas‑
sive adoption of these solutions, as they might not be successfully enough in achiev‑
ing current challenges of SA (e.g., use of specialized vocabulary, interpretation of 
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negations and idioms, conducting SA at topic level within a text… in highly formal 
contexts), causing significant methodological flaws in research results.

Measuring sentiment

A final consideration is needed regarding the epistemological grounding of SA tech‑
niques. The most frequent approach in SA is to classify sentiments based on the 
measurement of the polarity or valence association (fourteen studies). Three studies 
measure sentiment polarity in a binary form (positive or negative), as in Abdulsa‑
lami et al. (2017) and Elia et al. (2019), eight studies classify sentiments at a three-
level scale as in Camacho and Goel (2018) and Cobos et al. (2019), and three studies 
use polarity scales with over three levels, as in Alblawi and Alhamed (2017) and 
Gkontzis et al. (2020). There is an apparent consensus in the output in the SA analy‑
sis as a three-level polarity scale. However, although the use of positive, negative, 
or neutral scale has been reported to be the most frequent association within three-
level polarity scales (Chiarello et al., 2020), a high dispersion in the measurements 
emerges. For example, by measuring extremely positive, positive, and non-positive 
sentiments (Zhang et  al., 2012) or by using normalized compound between −  1 
(extreme negative) and 1 (extreme positive) in Camacho and Goel (2018), Dehbozo‑
rgi et al. (2020), and Okoye et al. (2020).

Several studies relate sentiment polarity with students’ motivation: learners 
with a positive attitude are more confident and motivated to learn (Mostafa, 2020; 
Weston et al., 2020 in Okoye et al., 2020). However, we argue for a more grounded 
interpretation of these SA results. The vast majority of publications perform SA at 
word or sentence level (i.e., attributing a sentiment score to each word or sentence 
and then computing the overall result), but motivation is a particular mental state, 
directed towards a particular topic, and usually related to behavioral responses. 
For this reason, we argue that measuring sentiment polarity provides information 
about the emotional climate of a group or general emotional state of a student (Usart 
et  al., 2022), rather than providing information about a particular mental or emo‑
tional state. Hence, attributing polarity results to a mental state may carry the risk 
of falling into spurious relationships. An improvement in this direction involves 
performing SA at a topic level (i.e., identifying the different topics of a text/source 
and attributing a sentiment score to each one), but this technique still remains a 
challenge.

Although polarity is the most widely accepted approach in SA, it might be too 
limited for teaching and learning. Complementary, from the 22 studies considered, 
four studies identify sentiments or emotions from existing classifications, mostly as 
a complement to polarity. Sentiment identification is based on different psychologi‑
cal models. For example, Alencar and Netto (2020) and Nunez (2020) identify emo‑
tion based on Plutchik’s (1984) model (anger, fear, sadness, disgust, surprise, antici‑
pation, trust, and joy), Featherstone and Botha (2015) uses Ekman’s (1992) 6 affect 
categories (Joy, surprise, fear, sad, anger, disgust), while Osorio Angel et al. (2020) 
characterizes a set of emotions arising in learning with six axes, based on Kort et al. 
(2001). Integrating those models into SA can contribute to evidence the relationship 
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between a significant number of emotional states and learning outcomes. As a mat‑
ter of fact, SA would improve in accuracy if emotions were considered.

Finally, in some studies, as in Yu et al. (2018), human raters are involved. While 
this can be a good practice to ensure accuracy and validity of the SA method, to this 
purpose we also suggest considering involving some of the own subjects in future 
controlled experiments. In formal settings as in higher education platforms, the scar‑
city of students’ messages or the communication methods can involve significant 
limitations.

RQ2. Frontend software based on SA developed

Only six out of the 22 studies have designed a specific software for visually repre‑
senting SA results. From these, two different types of visual tools emerge. The first 
is designed for researchers use (two studies), as in Alencar and Netto (2020) and 
Nunez (2020). These representations are based on group information, involve the 
use of complex bar, pie, and sentiments’ graphs, and are not timely (perform the 
analysis when the activity has ended).

The second type of visual tools (four studies) is designed and implemented for 
final users (teachers or students) and provides timely information with complemen‑
tary analysis. For example, through the SA architecture described in Cobos et  al. 
(2019) (Fig. 3) these authors developed a tool to provide visual information of SA at 
a learners’ individual level (Fig. 4). Their tool allows to download the results. Elia 
et al. (2019) designed RAMS (Rapid monitoring of learners’ satisfaction), a visual 
analytics software (pie charts with polarity trends) for LA and SA, with a dashboard 
for course and individual students’ levels, that also performs cluster analysis. Wang 
and Zhang (2020) present through a Network and text representations, students’ 
sentiment tendencies. These tools perform timely analysis and, although they offer 
complementary functionalities such as cluster analysis or downloadable outputs, the 

Fig. 3   Architecture of EdX-CAS for SA, adapted from Cobos et al. (2019)
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amount of information presented is still big and can be overwhelming for teachers. 
We believe that future frontend solutions might need to display information clearly 
and in an understandable way, allow teachers to process data in real-time, and show 
trends in data over time. Based on these features, the proposal made by Yu et  al. 
(2018), presenting a dynamic diagnostic and self‐regulated system in a speedometer 
visual dashboard combining SA and LA at a student level, can constitute a good 
example of frontend applications for educational purposes (see Fig. 5).

Hence, although only four studies present frontend solution, many other studies 
analyzed in this research acknowledge that the next steps in SA should go towards 
the development of more easy-to-use visual analytics tools for teachers and students, 
both at individual and at a social and collaborative levels, that would help instructors 
providing effective feedback interventions (Dehbozorgi et al., 2020; Le et al., 2018). 
This development would benefit from integrating usability tests for teachers to 
maximize SA tools for personalizing the information displayed by the user, such as 
dynamic filters (by students’ group, by each student, by academic year…), dynamic 
grouping (so teachers can group their own charts and add notes) and dynamic data 
labels (so teachers can more easily read the data).

RQ3. General contributions of SA as a tool for students’ assessment in higher 
education

Three main contributions of SA are discussed, based on the findings:

Assessing the emotional climate of students about an educational intervention

SA techniques are mostly used to assess the emotional climate of students in higher 
education, as in Spatiotis et  al. (2018), or related to one particular topic, such as 
the use of Mobile phones in learning, as in Abdulsalami et  al. (2017). Following 
this approach, in some studies the emotional climate assessment is carried out to 

Fig. 4   Example of the results of the visual tool EdX-CAS showing the polarity of a learner’s opinions in 
different courses, adapted from Cobos et al. (2019). Note. Teachers can click on any course id (at the left 
side of each chart) to display the particular polarity results
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evaluate the impact of an educational intervention, such as the use of gamification 
strategies in higher education in Bilro et al. (2022), Featherstone and Botha (2015) 
and Mostafa (2020), the implementation of practical and hands-on activities in 
Suwal and Singh (2018), or the comparison between online or hybrid learning in 
Camacho and Goel (2018). These studies evidence that, although SA needs to over‑
come important limitations mentioned in previous sub-sections, SA can help higher 
education teachers and researchers to have quick results of the implementation of 
educational innovations complementary to traditional students’ gradings, releasing 
research teams from the burden of analyzing a big amount of data in a first screen‑
ing phase. Moreover, as SA measurements can be easily performed periodically, the 
evolution of the emotional climate or state can be studied to identify behavioral pat‑
terns, as in Chaabi et al. (2019) and Osorio Angel et al. (2020).

Fig. 5   Dynamic diagnostic and self‐regulated (DDS) system (dashboard on top left; diagnostic and sug‑
gestion report on top right; weekly status on the middle; emotional valence value on the bottom) trans‑
lated from Yu et al. (2018)
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Results also corroborate that the measurement of the emotional climate through 
SA techniques can be a useful tool to identify gender biases. Hence, Abdulsalami 
et  al. (2017) and Nunez (2020) described that male students expressed more pos‑
itive comments than their female peers in VLE, while Okoye et  al. (2020) found 
that students evaluated their teachers differently based on teachers’ gender. These 
results evidence how SA can contribute to the promotion of more equitable assess‑
ment practices in higher education institutions (not only related to gender, but to 
any personal factor of discrimination such as race). However, this application is still 
underdeveloped as only three articles included gender as a variable in their study.

Improving the prediction of students’ learning performance

Complementary, in four studies SA has been used to predict learning performance 
and possible withdrawals or dropouts early detection. Dehbozorgi et  al. (2020) 
established a relationship between students’ performance and a positive emotional 
climate. However, no correlation between students’ negative sentiments and indi‑
vidual performance was measured, suggesting a need to develop more sophisticated 
predictive models. To this end, Alblawi and Alhamed (2017), Gkontzis et al. (2020), 
and Yu et  al. (2018) developed predictive models combining SA of unstructured 
data such as students’ comments or productions with structured data such as attend‑
ance, homework completion, previous grades… etc. as the one displayed in Fig. 6 
made by Gkontzis et al. (2020).

These three studies show that the absence of unstructured or structured data 
weakens the predictive ability of the models. Particularly, Yu et al. (2018) discuss 
that the use of SA significantly improves this predictive ability for earlier stages 
over the duration of a course of instruction, as in these stages, structured data might 
be relatively too limited to provide enough information for prediction. Moreover, 
Gkontzis et al. (2020) advocate for the inclusion of teachers’ data (e.g. number of 
forum interactions, SA…) to increase the effectiveness of predictive models. There‑
fore, SA predictive models need to be built from complex algorithms processing dif‑
ferent types of data, which imply a challenging development task that many higher 
education institutions might not be able to assume. Finally, ethical considerations 

Fig. 6   Process of SA for predicting learning outcomes based on the work of Gkontzis et al. (2020)
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about the use of students’ data would also need to be considered, following some of 
the reflections shared above.

Enhancing teaching methods and feedback

Finally, SA was specifically used in two studies to improve teaching methods and 
feedback. Hence, Le et  al. (2018) developed a module to notify teachers when a 
student was experiencing difficulties, as they argued that negative, distressed, and 
questioning sentiments can determine when a student is experiencing those difficul‑
ties. Complementary, SA of teachers’ productions (e.g., videos or pdf documents) 
developed by Cobos et al. (2019) could help them make informed decisions whether 
or not it would be useful to modify their educational materials. Drawing from previ‑
ous consensus in the literature, both feedback and assessment are equally important 
in the development of students’ competencies (Pinger et  al., 2018) and, therefore, 
it might be advisable to implement both approaches while using SA. In this sense, 
future studies might consider assessing the effect of SA techniques on teachers’ 
methods to better understand which type of SA information and how is presented 
can better assist teachers.

Conclusions

The aim of this SLR was to understand the state of the art on SA online and hybrid 
learning environments in higher education related to assessment. Findings from this 
review show that there is a growing field of research on SA. Most of the papers are 
written from a technical perspective and published in journals related to digital tech‑
nologies. This research focuses on teachers and institutional evaluation, especially 
targeting online learners’ assessment and collaborative environments.

Reviewed studies mainly assess the polarity of sentiments and emotions, provid‑
ing information about students’ emotional climate or state. Two major approaches 
to SA emerge, regarding to techniques: NLP and ML. While the ML methods report 
higher classification accuracy, NLP is the most used due to the amount of open and 
free linguistic online libraries available, in despite of the significant limitations 
in highly specialized communication channels such as VLE in higher education. 
Results show that a hybrid approach is more appropriate because it grants an accu‑
rate analysis from each language and in particular on learning contexts, overcom‑
ing method limitations in isolation. However, research conducted in other languages 
and with more data will be useful to make a stronger corpus and more precise pre‑
dictions, as well as deepen into the measurement of sentiments following different 
models, such as Kort’s et al. (2001). Moreover, automatic data collection and pre‑
processing might be one of the targets to ensure appropriate integration into VLE.

Further and most relevant steps on this field are aligned towards the development 
of visual tools for teachers and learners of SA results. At this moment, there are 
few studies which have already developed and implemented frontend software in 
higher education contexts, showing processed results in a more visual and under‑
standable manner, but there is still room for improvement. These tools evidence the 
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development of new feedback systems that could possibly have better application in 
tracing and tracking students learning needs over time.

Summing up, major contributions of SA in higher education assessment are 
directed towards assessing the emotional climate or status in relation to an educa‑
tional intervention, so teachers can have timely information to improve students’ 
performance (Dehbozorgi et  al., 2020; Md Faridee & Janeja, 2019), predict stu‑
dents’ grades (Alblawi & Alhamed, 2017), and dispose of early signs to identify 
at-risk students (Zhang et al., 2012). We argue that including a gender perspective 
in developing SA techniques should contribute to the promotion of more equitable 
assessment. Although studies evidence different gender patterns in how students 
express themselves, this is an aspect that remains understudied.

Limitations on this study relate to SLR methodology such as time length and 
indexed databases search. Applying this methodology may have omitted other 
sources such as technical reports, as long as SA is a recent topic used in learning 
contexts. This study makes a significant contribution to research, providing prac‑
tical information to higher education teachers and administrators related to online 
and hybrid learning students’ assessment. More specifically, it calls for the urgent 
development of an easy-to-use, timely SA frontend tools that help teachers improv‑
ing students’ feedback and awareness of their sentiments in the VLE in highly spe‑
cialized and more equitable learning contexts, which might result into higher learn‑
ing performance.

Appendix 1: Search strategies

Scopus.
(TITLE-ABS-KEY("distance education") OR TITLE-ABS-KEY("distance 

learning") OR TITLE-ABS-KEY("virtual university") OR TITLE-ABS-
KEY("virtual classroom") OR TITLE-ABS-KEY("online learning") OR 
TITLE-ABS-KEY("Web-based learning") OR TITLE-ABS-KEY("electronic 
learning") OR TITLE-ABS-KEY(blended) OR TITLE-ABS-KEY(hybrid) 
OR TITLE-ABS-KEY("computer-assisted instruction")) AND (TITLE-ABS-
KEY("sentiment*") OR TITLE-ABS-KEY("sentiment analysis") OR TITLE-
ABS-KEY("learning analytic*")) AND (TITLE-ABS-KEY("assessment") OR 
TITLE-ABS-KEY("feedback*") OR TITLE-ABS-KEY("evaluation*") OR TITLE-
ABS-KEY("formative assessment")).

Wos.
(TITLE-ABS-KEY  ("distance education") OR TITLE-ABS-KEY  ("distance 

learning") OR TITLE-ABS-KEY  ("virtual university") OR TITLE-ABS-KEY  ("vir‑
tual classroom") OR TITLE-ABS-KEY  ("online learning") OR TITLE-ABS-
KEY  ("Web-based learning") OR TITLE-ABS-KEY  ("electronic learning") OR 
TITLE-ABS-KEY  (blended) OR TITLE-ABS-KEY  (hybrid) OR TITLE-ABS-
KEY ("computer-assisted instruction")) AND (TITLE-ABS-KEY ("sentiment*") OR 
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TITLE-ABS-KEY ("sentiment analysis") OR TITLE-ABS-KEY ("learning analytic*")) 
AND (TITLE-ABS-KEY  ("assessment") OR TITLE-ABS-KEY  ("feedback*") 
OR TITLE-ABS-KEY  ("evaluation*") OR TITLE-ABS-KEY  ("formative assess‑
ment")) AND (TITLE-ABS-KEY ("higher education") OR TITLE-ABS-KEY ("uni‑
versity") OR TITLE-ABS-KEY  ("adult learn*")) AND (LIMIT-TO  (DOCTYPE, 
"cp") OR LIMIT-TO  (DOCTYPE, "ar") OR LIMIT-TO  (DOCTYPE, "ch")) AND 
(EXCLUDE (LANGUAGE, "German") OR EXCLUDE (LANGUAGE, "Russian")).

109 results.
Eric – Accessed through EBSCOhost.
AB (("distance education" OR "distance learning" OR "virtual learning” OR "vir‑

tual classroom" OR "online learning" OR "Web-based learning" OR "electronic learn‑
ing" OR “elearn*” OR “blended” OR “hybrid” OR "computer-assisted instruction")) 
AND AB ((“sentiment*” OR "sentiment analysis" OR “SA” OR "learning analytics*")) 
AND AB (assessment OR feedback* OR evaluation* OR "formative assessment").

23 refs. From 2006 accessible and peer review.
Gender.
WoS.
You searched for: TOPIC: (("distance education" OR  "distance learning" 

OR "open learning" OR "virtual university" OR "virtual classroom" OR "online learn‑
ing" OR "Web-based learning" OR "electronic learning" OR "elearn*" OR "blended" 
OR "hybrid" OR "computer-assisted instruction") AND ("sentiment*" OR "sentiment 
analysis" OR "learning analytics*" OR "analytics*" OR "teaching analytics*" OR "big 
data") AND ("assessment" OR "feedback*" OR "evaluation*" OR "formative assess‑
ment" OR  "formative*" OR  "immediate*" OR  "achieve*")) AND (“gender” OR 
“women” OR “female” OR “girl*”).

Refined by: RESEARCH DOMAINS:  (SOCIAL SCIENCES OR ARTS 
HUMANITIES) AND DOCUMENT TYPES:  (ARTICLE OR MEETING 
OR REVIEW) AND RESEARCH AREAS:  (EDUCATION EDUCATIONAL 
RESEARCH OR COMPUTER SCIENCE OR COMMUNICATION OR PSYCHOL‑
OGY OR BEHAVIORAL SCIENCES OR SOCIAL SCIENCES OTHER TOPICS).

Timespan: 2010–2020. Databases: WOS, CCC, DIIDW, KJD, MEDLINE, RSCI, 
SCIELO.

Search language = Auto.
Total: 16 refs.
AND (TITLE-ABS-KEY ("gender") OR TITLE-ABS-KEY ("wom?n") OR TITLE-

ABS-KEY ("girl*") OR TITLE-ABS-KEY ("female*")).
12 results.
Eric—Accessed through EBSCOhost.
AND AB (assessment OR feedback* OR evaluation* OR "formative assessment") 

AND AB ((gender OR women OR female* OR girl*)).
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Appendix 2: Summary of findings

Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

1. Abdulsa‑
lami et al. 
(2017) C

Experimen‑
tal, Cross-
sectional

Blended. 358 
(2nd, 3rd 
and 4th year) 
undergradu‑
ate computer 
science 
students 
in physi‑
cal science 
(Nigeria)

SA on 
students’ 
perception 
on the use 
of smart‑
phones and 
its relation‑
ship with 
academic 
perfor‑
mance. 
Relationship 
between 
sentiment 
polarity and 
the aca‑
demic level 
of students

Binary polar‑
ity: positive 
/ negative

NLP Sen‑
tence 
level

Bar diagrams, 
not timely, 
polar‑
ity score 
related to 
3 outcome 
variables

Are emo‑
tions in 
students 
writ‑
ten text 
related to 
gender?

2. Alb‑
lawi and 
Alhamed 
(2017) C

Theo‑
retical and 
technical 
solution

Blended. Pilot 
implementa‑
tion in a 
programming 
course HE. 
500 students’ 
1st semester 
marks and 
opinions of 
the program‑
ming course. 
(Saudi 
Arabia)

1) Academic 
Integration 
(i.e. student 
GPA; 
marks; satis‑
faction with 
academic 
experi‑
ence; and 
interest in 
classes and 
programs). 
2) Social 
Integra‑
tion (i.e. 
relationship 
with other 
students; 
impact 
of peer 
group…). 3) 
Institutional 
Commit‑
ment (i.e. 
funding; 
physical 
facilities…). 
4) Out-of-
institution 
factors (i.e. 
finance; 
health…)

Polarity 
3-level 
scale: 
positive, 
negative, 
neutral

Hybrid: 
NLP 
and 
ML

Sentence 
level

Algorithm 
presenting 
sentiment 
score as 
the polarity 
(negative, 
positive, 
neutral) 
for each 
student. 
Not timely. 
Improves 
10% the 
model only 
based on 
Structured 
Data

FUTURE: 
produce an 
integrated 
LA solution 
for making 
decisions 
concern‑
ing student 
retention 
rates and 
methods 
to improve 
their perfor‑
mance

No
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

3. Alencar 
and Netto 
(2020) C

Experimen‑
tal

Online (VLE)
160 Students of 

the technical 
specializa‑
tion course in 
Information 
Technology 
Manage‑
ment, in the 
discipline 
"Computer 
Network 
Manage‑
ment", 
(Brazil)

Performance 
of students 
in tasks and 
activities 
proposed by 
the teacher: 
Forum and 
Assignment

Binary polar‑
ity: positive 
/ negative

Emotion: 
admiration, 
joy, inter‑
est, anger, 
disgust, 
sadness, 
surprise and 
fear

Hybrid: 
NLP 
and 
ML

Sentence 
level

A system 
integrated

with the VLE 
using

a multi-agent 
system 
to collect 
messages 
posted by 
students in 
discussion 
forums and 
through

SA to identify 
the Emo‑
tional state 
of the class 
and present 
it as pie 
charts, not 
timely

NO

4. Bilro et al. 
(2021) J

Qualitative, 
Quasi-
experi‑
mental

Blended
Gamification in 

a semester, 91 
undergradu‑
ate students

(Portugal)

The role of 
gamification 
in Students’ 
engagement. 
Cognitive 
engage‑
ment as the 
attention 
and effort 
of students 
to interact 
with other 
students and 
tutors via 
discussion 
forums, 
comments, 
and posts

Polarity 
5-level 
scale: (P + , 
P, Neutral, 
N, N +)

NLP
Message 

level

Rate of 
negative 
and positive 
polarity of 
the activity. 
Not timely, 
not graphi‑
cal

No (only 
the % of 
female 
students 
is men‑
tioned)
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

5. Camacho 
and Goel 
(2018) C

Longitudinal 
study

Online
2014–2017 

courses
(71,671 posts)
Leverage 

SA and 
readability 
assessments 
to quantify 
the evolving 
quality of dis‑
course on the 
online forum 
discussions 
of the various 
sections. 
(USA)

Learning 
as part is 
a social 
process: 
communica‑
tion and col‑
laboration 
are critical 
to learning. 
Collabora‑
tive learning 
leads to an 
increased 
sense of 
commu‑
nity, skill 
acquisition, 
and better 
learning 
outcomes 
in an online 
environ‑
ment. 
Online class 
discussion 
forums

Polarity 
3-level 
scale: 
positive, 
negative, 
neutral

Additional 
normalized 
compound: 
-1 (extreme 
negativ‑
ity) to + 1 
(extreme 
positivity)

NLP
Sentence 

level

Rate of 
negative 
and positive 
polarity of 
the activity. 
Not timely, 
not graphi‑
cal

Longitudinal 
analysis

No

6. Chaabi, 
Khadija and 
Mounia, 
(2019) J

Theo‑
retical and 
technical 
solution

Online
120 messages 

of Master 
Students 
Technology 
(Morocco)

CSCL Asyn‑
chronous 
activities 
(emails, 
forums)

Behavioral 
profiles: 
Animator, 
Checker, 
Seeker, 
Independent

ML
Word 

level

Classification 
of behavio‑
ral profiles 
(Animator, 
checker, 
seeker and 
independ‑
ent) of 
learners in 
social media 
discussion 
groups

NO
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

7. Cobos, 
Jurado and 
Blázquez-
Herranz 
(2019) J

Technical 
solution

Online univer‑
sity courses, 
7 MOOCs. 
(Spain)

Analyze the 
contents 
of online 
courses 
(video tran‑
scriptions, 
readings, 
questions 
and answers 
of the evalu‑
ation activi‑
ties and 
learner’s 
posts in 
forums…) 
and the con‑
tributions 
of learners 
to improve 
teaching 
material 
and teach‑
ing–learning 
processes

Polarity 
3-level 
scale: 
positive, 
negative, 
neutral

Level of 
objectivity

NLP
Sentence 

level

Design and 
development 
of edX-CAS. 
“Content 
Analyser 
System 
for edX 
MOOCs”. 
Visual (bar 
diagrams) 
display and 
download at 
i) Learners 
level, ii) 
Forum level 
“Social” 
button and 
iii) other 
texts Data 
analyses by 
clicking the 
“General” 
button

NO

8. Dehbozorgi 
et al. (2020) 
C

Experimen‑
tal

Blended
Introduction 

to Computer 
science 28 
students 
(USA)

Collaborative 
learning

A positive 
correlation 
between 
students’ 
performance 
and their 
positive 
sentiment 
as well as 
the level of 
subjectivity 
in speech 
(verbal con‑
versations 
emotional 
state)

Polarity 
3-level 
scale: 
positive, 
negative, 
neutral

Normalized 
score: 0 
(extreme 
negativ‑
ity) to + 1 
(extreme 
positivity)

NLP
Sentence 

level

Future: 
serve as a 
performance 
predictor 
in earlier 
stages of 
the semester 
to provide 
timely 
feedback 
to students 
and enables 
instructors 
to make 
interven‑
tions that 
can lead 
to student 
success

NO
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

9. Elia et al. 
(2019) J

Design 
science 
research

Online
Collaborative 

Learning
Programming 

students 
(Italy)

CL: Analyze 
individual 
students’ 
contribu‑
tions in 
online 
learning 
activities 
and assess 
the level of 
satisfaction 
towards 
the course. 
Real-time 
monitoring 
of LS

Real time 
monitoring 
of LS may 
support 
course 
delivery and 
reduce early 
dropouts

Binary polar‑
ity: positive 
/ negative

ML Word 
level

RAMS Soft‑
ware with 
visual ana‑
lytics (pie 
charts with 
polarity) 
component 
for LA 
and SA in 
real-time 
individual 
contribu‑
tions to 
online CL

NO

10. Md 
Faridee 
and Janeja 
(2019) C

Experimen‑
tal

Blended
300 IS students 

(USA)

Students 
receiv‑
ing peer 
mentoring 
can express 
more 
complex 
ideas with 
fewer words 
and thereby 
receive 
higher 
grades by 
the end of 
the semester 
(grades of 
exercises 
to help 
increase 
interest 
in data 
analytics in 
cybersecu‑
rity)

Polarity scale 
between -5 
and 5

Scores 
between -1, 
1 assumed 
to be neutral

Level of 
objectivity

NLP
Word 

level

No software 
but results 
in bars to 
compare 
between 
control and 
experimen‑
tal group, 
not timely, 
not indi‑
vidual

Lack of 
diversity, 
gender 
and 
ethnicity 
analysis 
of results. 
FUTURE 
studies 
meas‑
uring 
gender
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

11. Feath‑
erstone 
and Botha 
(2015) C

Qualitative Blended
Use of tablets, 

gamification
136 Teacher 

education 
students

(South Africa)

Badge evalua‑
tor evidence 
provided 
and awarded 
the badge or 
gave mean‑
ingful input 
on improve‑
ments. If all 
the modules 
presented, 
the teacher 
graduates 
and earns 
a tablet, 
should 
they have 
achieved the 
minimum 
criteria

Binary polar‑
ity: positive 
/ negative

Ekman’s 
6 affect 
categories 
(Joy, sur‑
prise, fear, 
sad, anger, 
disgust)

Valence 
of affect 
(positive / 
negative)

NLP 
Word 
level

Bar diagrams 
for modules 
and affect 
categories, 
not for 
students, not 
timely

NO

12. Gkontzis 
et al. (2020). 
J

Experimen‑
tal

Online
LMS (Moodle)
30 tutors, 460 

students, 6 
periods of 
postgradu‑
ate course 
(Greece)

Emotions and 
polarity of 
participants 
in distance 
learning 
help predict‑
ing students’ 
tendencies 
to abandon 
a lesson and 
in develop‑
ing a PLE. 
Important 
influence 
of written 
assignments

Tutor loyalty 
and student 
maturity in 
the learning 
process have 
a significant 
impact in 
learning

Polarity 
3-level 
scale: nega‑
tive, neutral, 
positive

Hybrid: 
NPL & 
ML

Sentence 
level

Implementa‑
tion of DM 
methodolo‑
gies to pro‑
vide timely, 
personal‑
ized and 
accurately 
the scores 
of eight 
classes, not 
software or 
front-end 
tool yet

Sentiments 
variables

NO
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

13. Le et al. 
(2018) C

Big data 
analysis

EPDM

Blended
1st year com‑

puter science 
students

4666 sentences 
(Australia)

Discussion 
forums in 
university 
courses to 
support 
students. 
Research 
has begun to 
explore

Text clas‑
sification to 
forum text 
to determine 
if lecturers 
can be 
notified 
(identifying 
negative, 
distressed, 
and 
questioning 
sentiments)

Problematic 
post: non-
critical/
critical

ML
Message 

level

A classifica‑
tion tool that 
identifies 
problematic 
posts into 
non-critical, 
when 
there is no 
problem 
expressed by 
the student, 
and critical, 
when there 
was evi‑
dence of an 
issue associ‑
ated with 
learning

Not timeless
FUTURE: 

highly 
desirable 
to develop 
tools that 
educators 
can effi‑
ciently and 
easily use 
to explore 
online stu‑
dent data

NO

14. Mostafa 
(2020) C

Quantiative Online Gamifi‑
cation

1000 students 
in Science & 
Technology 
transport 
university 
(Egypt)

Student 
motivation 
and learning 
engagement 
of students 
in HE

Agreement / 
Disagree‑
ment senti‑
ments

Hybrid: 
NLP & 
ML

Message 
level

SA classifier 
to analyze 
students 
sentiments 
while using 
gamification 
tool. No rep‑
resentation, 
not timely

NO
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

15. Nunez 
(2020) J

Quantita‑
tive (SA) 
EPDM

Blended
37 students
Agriculture 

Course 
(USA)

Hands-on 
activities 
in a LMS: 
After each 
activity, 
students 
submitted 
a 200-word 
reflective 
essay about 
their experi‑
ence with it, 
to evaluate 
hands-on 
activities 
and identify 
those that 
promote 
student 
learning and 
those that 
need further 
refinement

Binary polar‑
ity: positive 
/ negative

Emotional 
states: 
anger, 
anticipation, 
disgust, 
fear, joy, 
sadness, 
surprise, 
and trust 
(Plutchik, 
1994)

NLP
Word 

level

Bar, pie, and 
other graphs 
for teachers, 
not timely, 
group level

Present 
sample 
demo‑
graphics 
gender: 
Gender 
only 
affected 
overall 
sentiment 
in activity 
5, where 
male 
students 
expressed 
more 
positive 
senti‑
ments 
than 
female 
students
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

16. Okoye 
et al. (2020) 
J

Quantitative 
EPDM

Online
n1 = 52,218 

comments 
for male 
teachers and 
n2 = 41,072 
for female 
teachers 
(México)

Educational 
Process and 
Data Mining 
(EPDM) 
model: 
leverage the 
opinions of 
students to 
give useful 
feedback 
that can 
be used to 
enhance the 
end-to-end 
processes 
within the 
educational 
domain

It is essential 
to monitor 
the students’ 
feelings or 
emotions 
because 
learners 
with a posi‑
tive attitude 
have been 
seen as 
more con‑
fident and 
motivated to 
learn (Wes‑
ton et al., 
2019)

Polarity 
3-level 
scale: posi‑
tive, nega‑
tive, neutral 
Analysis of 
emotional 
valence 
(-4,0,8)

NLP
Word and 

sen‑
tence 
level

Word clouds 
& sentiment 
Bar charts. 
Real time 
EPDM 
implementa‑
tion, group 
level

Identify 
terms 
used 
by the 
student to 
describe 
the teach‑
ers’ quali‑
ties at the 
end of the 
semes‑
ter. The 
analysis 
consider 
gender 
differ‑
ences in 
teachers’ 
attributes

SA to deter‑
mine the 
intensity 
of the 
students’ 
comments 
towards 
the teach‑
ers by 
gender

Implica‑
tions 
of the 
statistical 
signifi‑
cance and 
differ‑
ences by 
the gen‑
der of the 
teachers
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

17. Osorio, 
Negrón 
& Valdez 
(2020) C

Exploratory 
study. 
(Inter‑
pretative 
descriptive 
analysis)

Online CMC 
in VLE 
(Moodle) 56 
students of 
engineering, 
361 forum 
messages. 
(México)

Affective 
Comput‑
ing aim is 
to create 
computer 
environ‑
ments for 
learning 
capable of 
promoting 
positive 
emotional 
experiences 
that improve 
student’s 
performance 
in a Kort 
model for 
STEM 
students in 
HE, discus‑
sion forums 
(reflective 
and cogni‑
tive inten‑
tions)

6 × 6 axes of 
emotion 
from the 
students in 
technology 
by Kort 
(2001)

Hybrid: 
NLP 
and ML 
Sen‑
tence 
level

A conceptual 
model for 
the analysis 
of emotions 
in Spanish, 
intended for 
Engineer‑
ing students 
during their 
learning 
process 
in a col‑
laborative 
computer 
environment

FUTURE: 
developing 
the com‑
putational 
model that 
automates 
this Process

NO
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

18. Spatiotis 
et al. (2018) 
C

Big data 
analysis 
E(P)DM

Blended
2600 teachers
11,156 opinions 

(Greece)

Determine 
how 
students 
learn and 
identify how 
the learning 
process 
could con‑
tribute to the 
performance 
of students

EDM: 
discover 
hidden 
knowledge, 
understand‑
ing students’ 
needs and 
methods to 
improve the 
students’ 
experience, 
activities 
and per‑
formance. 
Interesting 
activities 
can be 
proposed 
for students 
related to 
their inter‑
actions with 
the online 
learning 
tools, thus 
contributing 
to their high 
performance

Polarity 
5-level 
scale, from 
5: very 
positive 
to 1: very 
negative

ML
Message 

level

An opinion 
mining plat‑
form which 
is able to 
classify 
participants’ 
opinions in 
education 
lessons 
according 
to their 
polarity and 
to analyze 
them in 
order to 
contribute to 
improve‑
ment of the 
teaching 
procedure

NO
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

19. Suwal 
and Singh 
(2018) J

Mixed meth‑
ods

Online
65 students in a 

post-graduate 
Engineer‑
ing course 
(Finland)

Students’ 
feedback 
and percep‑
tions are 
critical to 
make an 
informed 
decision 
about the 
changes: 
desirable 
to obtain 
feedback 
and analyze 
it methodo‑
logically. 
SA to assess 
student 
feedback 
through 
written 
assignments

Polarity 
3-level 
scale: 
positive, 
negative, 
neutral

NLP Sen‑
tence 
level

Integrated 
feedback 
systems 
have the 
possibility 
of using 
automated 
SA has 
potential 
for active 
develop‑
ment of new 
feedback 
systems that 
could have 
better use of 
tracing and 
tracking the 
development 
needs of 
courses over 
time

NO

20. Wang 
and Zhang 
(2020) J

Theo‑
retical and 
technical 
solution

Online
Learning com‑

munity
171,430 

comments 
(China)

SA can reflect 
the students’ 
learning 
situation, 
thus provide 
the theoreti‑
cal basis for 
following 
revision of 
teaching 
plans

Polarity 
3-level 
scale: 
positive, 
negative, 
neutral

Hybrid: 
NLP 
and 
ML

Topic 
level

Network 
and text 
representa‑
tions based 
on open 
interactive 
visualiza‑
tion library 
pyLDAvis 
and the 
open-source 
tool Colibri/
MLA

A new effec‑
tive model 
for topic SA 
perceives 
students’ 
sentiment 
tendencies 
and provides 
powerful 
practical 
reference for 
teachers

NO
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Ref (APA) Study Context 
(online/face to 
face / blended)

Learning 
assessment

Polarity / 
Sentiment 
/ Emotion 
measurement

SA tech‑
nique and 
granular‑
ity

SA visualiza‑
tion tool

Gender 
analysis

21. Yu et al. 
(2018) J

Theo‑
retical and 
technical 
solution

Blended
181 undergrad‑

uate students
Introduction 

to Computer 
Science 
(Taiwan)

improvement 
in teaching 
and learning 
is important 
to maintain 
students’ 
perfor‑
mances and 
the effec‑
tiveness of 
the learning 
process. SA 
to identify 
affective 
information 
from text‐
based self‐
evaluated 
comments 
written by 
students 
(contain‑
ing rich 
emotional 
informa‑
tion)

Polarity 
3-level 
scale: 
positive, 
negative, 
neutral

Hybrid: 
NLP 
and 
ML

Message 
level

Speedometer
Dynamic 

diagnostic 
and self‐
regulated 
system 
Timely and 
student level

weekly status, 
emotional 
valence 
value

Provide 
real‐time 
feedback to 
educators, 
to help 
students 
become

self‐regulated 
learners

NO

22. Zhang 
et al.  
(2012) J

Mixed meth‑
ods

Blended
Medical stu‑

dents (post‑
graduate)

812 statements 
(USA)

Explore SA to 
assess the 
feasibil‑
ity and 
value of an 
automated 
approach for 
synthesizing 
evaluation 
comments, 
to make bet‑
ter assess‑
ments of 
students at 
a ACGME 
competency 
level

Polarity 
3-level 
scale: 
Extremely 
positive, 
positive, 
and non-
positive

ML
Sentence 

level

FUTURE:
the potential 

to provide 
medical 
educators 
research‑
ers with 
automated 
tools to 
synthesize 
qualitative 
evaluation 
data in a 
streamlined 
and efficient 
manner

NO
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