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Abstract

Artificial intelligence techniques have made notable progress in supporting learning pro-
cesses, with increasing adoption across educational contexts. However, despite the in-
creasing work on Al-assisted techniques, explicit and implicit learning mechanisms in Al
educational assistants have not been systematically categorised. The study of how these
techniques aid in and are implemented for learning remains underexplored. Therefore,
a more systematic categorisation of how these techniques support learning through user
interaction is needed. This paper presents a systematic review of 38 studies published
between 2000 and 2024, spanning domains including programming education, cognitive
skills, language learning, and the Al field. This review was conducted and reported in accor-
dance with the PRISMA 2020 guidelines. In this review, we propose a taxonomy of explicit
and implicit learning features. We analyse implementation aspects (e.g., knowledge repre-
sentation, algorithms, and interaction modalities) and synthesise how prior work evaluates
learning support capabilities. The findings show that (i) 79% of reviewed studies support
explicit and 21% supported implicit learning through interaction; (ii) written interaction
dominates (45%), followed by visualisation (34%), while voice-based interaction remains
underrepresented (9%); (iii) some implementations lack details (e.g., knowledge bases
and validation methods); and (iv) evaluation practices remain uneven, with most studies
relying on experiment evaluation, highlighting the need for robust evaluation practices.

Keywords: artificial intelligence (Al); LLM; generative Al; explicit learning; implicit learning

1. Introduction

Learning is a fundamental process for acquiring knowledge, developing skills, and
supporting informed decision-making. As described by Sequeira [1], learning involves de-
veloping new abilities, reshaping perspectives, and understanding conceptual relationships.
In recent years, artificial intelligence (Al) has increasingly supported learning through inter-
active systems, virtual environments, and conversational interfaces [2-5]. Al-based systems
are often embedded in various educational contexts, with studies reporting increased
learner engagement and improved learning outcomes [6].

Al techniques have evolved from simple rule-based instructional systems to more
sophisticated approaches. These include adaptive intelligent tutoring systems, recommen-
dation engines, conversational agents, and large language model (LLM)-based assistants.
These systems differ not only in their technical implementation but also in how they
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support learning through user interaction. Some techniques provide direct instruction,
structured feedback, or guided questioning, while others facilitate learning indirectly
through questioning, experimentation, and interaction. However, despite the rapid devel-
opment of Al-supported educational systems, explicit and implicit learning mechanisms in
Al techniques have not been systematically categorised.

Learning supported by Al techniques can occur in two main forms: explicit and
implicit learning. Explicit learning involves consciously engaging with explanations, feed-
back, and structured instruction to acquire knowledge. Implicit learning, in contrast, refers
to knowledge acquired unintentionally through activities, interaction, and experiential
engagement. While both forms have been discussed in educational theory, their manifesta-
tions in Al educational techniques have not been systematically categorised. The existing
literature often evaluates systems within specific domains or focuses primarily on technical
implementation, leaving a gap in understanding how interaction design patterns function
as learning mechanisms.

This systematic review addresses this gap by synthesising how Al educational assis-
tants support learning through interaction-driven mechanisms. We classify explicit and im-
plicit learning mechanisms, analyse how these mechanisms are implemented (e.g., through
conversational Al, tutoring systems, recommendation systems, and Al assistants), and
examine how prior studies evaluate their effectiveness. By integrating learning theory with
implementation analysis, this review provides a structured foundation for understanding
how Al systems transform educational processes.

The contributions of this paper are as follows:

* A taxonomy of explicit and implicit learning mechanisms in Al educational assistants;

*  Systematic mapping between learning mechanisms, implementation approaches, and
Al techniques;

* A synthesis of evaluation practices and research gaps to inform the design and assess-
ment of Al-enhanced educational systems.

The remainder of this paper is organised as follows: Section 2 presents the method-
ology used to select and analyse the literature. Section 3 presents a motivating example
to illustrate the need for Al-supported interaction mechanisms in complex learning con-
texts. Section 4 synthesises explicit and implicit learning mechanisms in Al education
techniques. Section 5 discusses how these techniques are implemented. Section 6 analyses
the underlying Al techniques, covering knowledge representation, algorithms, evaluation,
interaction types, and the role of large language models and generative Al in education.
Section 7 discusses the limitations and research directions. Finally, Section 8 concludes the
literature review.

2. Methodology

This review follows the PRISMA guidelines [7] and the snowballing procedure out-
lined by Kitchenham and Brereton [8] and Wohlin [9]. The review protocol was ret-
rospectively registered in the Open Science Framework (OSF) (registration ID: https:
//osfio/8x4ed/ (accessed on 26 March 2026)). The PRISMA checklist used to guide
the review process is provided as a Supplementary Material.

2.1. Search Strategy and Information Sources

The screening and selection process was conducted by the first author, and the results
were then reviewed and verified by the fourth author at each stage. The first step was
to identify keywords and phrases to formulate search strings; Boolean operators, such as
“AND” and “OR”, were used to combine strings and acquire more relevant papers (see
Figure 1). We conducted the initial search across all selected databases between June and
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September 2022, followed by an update in November 2023. To capture recent advances in
LLM-based educational assistants, we conducted an additional search between September
and December 2024. Full search strategies for each database and time period are available
in the Supplementary Materials. Subsequently, we searched for relevant publications
in the following databases: Google Scholar, ACM, IEEE, MDP], Springer, and Taylor &
Francis. The search was conducted using three methods: automatic, manual, and snowball.
Google Scholar was used initially as a starting point to avoid bias in favor of any specific
publisher. To further refine the search, we conducted a manual search using the keywords
mentioned in Figure 1. When the paper was relevant, we conducted forward and backward
snowballing to find more relevant articles, as seen in Figure 2.

The initial search identified a total of 16,335 records across all databases: Google
Scholar (automatic search, n = 15,900) and manual searches including ACM Digital Library
(n = 180), IEEE Xplore (n = 120), MDPI (n = 45), Springer (n = 60), and Taylor & Francis
(n = 30). Before screening, 5685 duplicate records were removed and a further 2500 records
were removed by applying date filters. This resulted in 8150 records for title screening.

After title screening, 8030 records were excluded, leaving 120 studies. These were
combined with 11 records identified through backward and forward snowballing, resulting
in 131 reports sought for retrieval. All reports were successfully retrieved. The reports were
then selected for abstract and conclusion screening, leading to the exclusion of 73 articles,
resulting in 58 studies assessed for full-text eligibility. Of these, 20 were excluded based on
inclusion and exclusion criteria, resulting in 38 studies included in the final review.

A formal study-level risk of bias assessment was not conducted. However, to reduce
bias in the review process, several measures were adopted. First, the screening and selection
of papers were reviewed and discussed by the second and fourth authors to ensure inter-
reviewer reliability. Second, the initial search was performed using Google Scholar rather
than a single discipline-specific database, thereby reducing the risk of publication bias
toward any particular journal or publisher. Therefore, the results of this review should be
viewed as general qualitative trends, rather than providing precise quantitative measures
of impact.

"Al tool for guiding", "Al tool for teaching”, "Chatbot",
"chatterbot”, "Al Conversational tool for guiding”, "Al
Google IEEE ACM Conversational tool for helping", "Conversational tool for
Scholar Xplore | | Journals advising”, "Chatbot" OR "conversational” OR "agent" OR
"dialog system", "Conver ion",
"Explicit Learning in Artificial Intelligence"”, "Implicit
Learning in Atrtificial Intelligence”, "Intelligent design tool",
"Al diated in ing"”, "Al i in ing AND Al
design", "Interaction design", "Voice conversation for

Taylor
MDPI Springer &
Francis

teaching”, "Voice conversation for helping”,"Large
Language Model for teaching”, "LLM for education”,
"Generative Al for learning”, "ChatGPT for teaching"”, "LLM-
based i i ", "LLM conversati tutor”

Search engines Keywords

Figure 1. Search engines used a combination of keywords and terms to explore relevant existing
studies on intelligent design techniques.

2.2. Inclusion and Exclusion Criteria

In each phase of the search process after the initial search, reading the title, abstract,
and conclusion of a paper was necessary to make a decision to either exclude or extract
the paper. In case there were duplicate papers, the most extensive or recent version was
considered. The criteria for exclusion were the study (i) was not written in English; (ii) does
not mention Al, learning, privacy, or design or addresses these concepts in general terms;
(iii) did not provide learning techniques or help for users through Al; and (iv) lacked a full
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Identification

version (such as a poster or abstract only). Finally, since the scope of Al is wide, robotics

was excluded as it falls outside the boundaries of this particular search.

If a paper was not excluded, then it was evaluated by inclusion criteria. We discarded

the paper

(i) discusses learning with Al techniques and (ii) discusses how the Al techniques are
implemented. All relevant papers reviewed were published between 2000 and 2024.

if none of the inclusion criteria were met. The inclusion criteria were the study

[

Identification of ies via and regi ]

Screening

Records identified from*:
Databases: 16,335

Google Scholar/automatic: 15,900
ACM Digital Library / Manual:180
IEEE Xplore / Manual: 120

MDPI / Manual: 45

Springer / Manual: 60

Taylor & Francis / Manual: 30

Records removed before screening:
Duplicate records removed: 5685
Records removed by filters: 2500 Records identified from*: 11
Snowballing (backward and forward)

!

Records screened: 8150 (Filtered by title)

Google Scholar/Automatic: 8000
ACM Digital Library / Manual: 56
IEEE Xplore / Manual: 38

MDPI / Manual:17

Springer / Manual: 26

Taylor & Francis / Manual:13

» Records excluded: 8,030

A4

Reports sought for retrieval: 131

Reports excluded after screening
abstract and conclusions: 73
Reports not retrieved: 0

Reports assessed for eligibility: 58

Reports excluded: 20

Not related to Al-supported learning mechanisms: 7
Did not provide Al learning techniques: 5

Robotics-focused studies outside the review scope: 6
Not written in English: 2

Studies included in review: 38

Figure 2. PRISMA 2020 flow diagram of the study selection process, (*) indicates records identified

from databases and through snowballing (backward and forward).

2.3. Data Extraction

Data

reviewed

of document exchange, ensuring clarity and consistency across all extracted variables.

Of the 38 included studies, 34 were subject to full data extraction across all vari-
ables. The remaining four studies were referenced exclusively in the motivating example
(Section 3) and were therefore not included in the full extraction process. The follow-
ing variables were extracted from each included study: (1) publication year; (2) venue
conference, journal, or website); (3) publisher; (4) domain; (5) type of learning
supported (explicit or implicit); (6) interaction features and mechanisms; (7) implemen-
tation approach (e.g., chatbot, tutoring system, or Al tool); (8) knowledge representation
and update strategy; (9) target user group interacting with the system; (10) algorithms
and techniques used; (11) interaction modality (written, spoken, visual, or action-based);
(12) evaluation approach, including evaluation type (quantitative, qualitative, or mixed);

type (e.g.,

extraction was conducted systematically using a predefined extraction form
developed by the first author and reviewed by the fourth author, following established
guidelines for systematic reviews [8,10]. Prior to full application, the extraction form was
and discussed between the first and fourth authors through an iterative process
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(13) data collection methods; (14) number of participants; and (15) metrics. The complete
extraction form and extracted data are provided as Supplementary Materials.

In this survey, we analysed a set of papers from various publications. Figure 3
provides a detailed summary of the reviewed studies. Figure 3a illustrates the chronological
distribution of publications from 2000 to 2024. The review of the extant literature indicates
that the number of studies increased gradually from the early 2000s through the 2010s.
This trend culminated in a marked peak between 2019 and 2020. Although there was
only a slight decrease in the following years, the numbers remained higher than in the
early stages, indicating sustained interest in the domain. Figure 3b reveals that 43% of the
papers originated from conference proceedings, while journal articles accounted for 50%
and website sources comprised 7%. Finally, Figure 3c presents the percentage of studies
per publication venue, with most studies selected from high-quality sources.

Website

Number of Studies 7%

Journal

9

8

7

6

5 Conference 50%
4

3

2

1

0

43%
II| .II
S

O N ) D "
% YV Y Y
NN ENE NGNS = Journal = Conference Website

S

PP IO FEEd PO
PEFILFELEL LS
D

(@) (b)

Taylor & Francis
3%
Springer

3%
MDPI

3%

IEEE

8%

u ACM = IEEE MDPI Springer Taylor & Francis = Other

(©)

Figure 3. An extensive review of high-quality studies over the period from 2000 to 2024. Number of
reviewed studies per year (2000-2024) (a); distribution of publication types (conference, journal, and
website) (b); the proportion of chosen studies by publication venue (c).

2.4. The Aim of the Systematic Literature Review

The main purpose of this review is to answer the following research questions (RQs):

*  RQI1: What interaction mechanisms in Al educational assistants support explicit and
implicit learning? This research question discusses different learning mechanisms
that end users acquire through explicit or implicit Al techniques. Learning can occur
explicitly, where users are aware, or implicitly, without the users realising it. The
details are explained in Section 4.

https://doi.org/10.3390/ai7050160
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¢ RQ2: How have Al assistant techniques been implemented in the literature?
(i) How is knowledge stored and continuously updated? (ii) Who are the stake-
holders interacting with the system? (iii) What algorithms and techniques are used?
(iv) How do they evaluate? (v) What types of output are generated?
This research question addresses the methods developers use to implement Al tech-
niques, including how they store and update knowledge, how users interact with these
techniques, the algorithms and methods employed, the system evaluation process,
and finally the types of output generated. Sections 5 and 6 include more details.

3. A Motivating Example

Some domains of study are inherently complex and require structured suggestions,
particularly for novice learners who need structured support. Domains such as privacy
by design and security demand not only conceptual understanding but also the ability to
apply privacy during the design of internet of things (IoT) systems [11]. However, many
existing tools in these domains provide static workflows or rule-based feedback, often
assuming substantial prior knowledge, as seen in [12,13]. As a result, novice learners may
struggle to understand underlying concepts or to integrate them meaningfully into their
design decisions. To make this concrete, consider a novice developer designing a smart
home application that integrates IoT components. While designing the application, the
developer must consider issues such as data minimisation, user consent, and encryption.
Without adequate structured guidance, these privacy issues may remain shallow or be
ignored completely. An Al-supported educational assistant could provide explicit features
(e.g., guided questioning, feedback, or warnings), as well as implicit features (e.g., learning
through interaction and iterative refinement). This supports learners in developing a deeper
understanding during the design process.

This example demonstrates the broader need for Al-supported interaction features to
guide learners through complex, cognitively demanding domains. The following Section 4
presents how Al educational assistants implement explicit and implicit learning features
across diverse contexts and analyse the technical approaches used to realise these capabilities.

4. Explicit and Implicit Learning in AI Techniques

As discussed in Section 1, learning underpins the acquisition of knowledge and the
achievement of goals across domains. Benton [14] mentioned that human cognition extends
beyond internally stored knowledge and relies on external sources, including the environ-
ment and interaction with others. Kohda [15] further suggests that human performance can
be enhanced when supported by Al systems. Within this interactional framework, learning
through Al may occur explicitly through direct instruction, explanation, and feedback. It
could also be implicit by performing activities and receiving feedback (see Figure 4).

The taxonomy presented in Sections 4.1 and 4.2 was developed using inductive analy-
sis of the reviewed literature. Explicit and implicit learning were first defined based on the
established learning science literature [16-19]. These definitions served as the theoretical
anchor for classification. The learning features identified in each study were then exam-
ined based on their functional role, specifically whether users consciously engaged with
the Al technique (explicit) or whether learning was described as occurring incidentally
through interaction without deliberate awareness (implicit). This criterion was applied
consistently across all reviewed studies as the basis for classification. Features were subse-
quently grouped by conceptual similarity within each category. Where the same surface
interaction type (e.g., feedback and questioning) appeared in both explicit and implicit cat-
egories, this reflects its differing functional role across study contexts, not an inconsistency
in classification.

https:/ /doi.org/10.3390/ai7050160
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l—-{ Types of learning }-—l

Explicit Learning Implicit Learning
Figure 4. Types of learning in Al techniques.

4.1. Explicit Learning

Explicit learning is defined as a type of learning in which learners are directly in-
structed or taught for a particular purpose [16]. It focuses on the verbal explanation
of principles, rules, and concepts and is often used to gain a better understanding or
knowledge of a specific topic. This type of learning enables users to realise their aims
and objectives to achieve their goals [16]. As such, Ellis [17] mentioned that it requires
conscious effort and results in knowledge that is represented in explicit form. Moreover, it
provides users with the necessary guidance and structure to help them progress towards
their desired outcome. The following sections provide an in-depth exploration of the
different features of explicit learning that perform between humans and Al and the ways
in which users may become involved in it.

4.1.1. Asking Questions

Questions represent one of the most direct features through which Al educational
techniques support explicit learning. In programming contexts, this has taken the form
of intelligent assistants that answer learner queries about core concepts such as data
structures and programming definitions [20]. Reported increases in student motivation and
enjoyment were noted as a result. This question-asking feature has also been developed for
broader educational settings, where virtual teaching assistants generate tailored responses
derived from instructor materials [21]. This simultaneously enables instructors to identify
individual student needs [21]. A more structured approach is evident in systems that
combine question-asking with immediate performance-based feedback, directing learners
toward more challenging tasks or corrective content depending on their responses [22].
Across these studies, questioning functions not only as a means of information retrieval
but also as a feature for actively guiding learner progression.

4.1.2. Yes or No Questions

Yes/No questions represent a simplified yet effective form of explicit interaction,
particularly suited to early learners. In one of the Al assistance systems designed for
preschool children, a dialogue-based system supported the identification, replication, and
writing of integer numbers from zero to nine [23]. Interactions were structured around
voice-based yes/no responses, reducing cognitive load for young users. Improved motor
skills in writing were observed among children who engaged with the system, indicating
that even simple binary questioning can yield measurable learning outcomes.

4.1.3. Multiple Choice Questions

Multiple-choice questions support explicit learning by presenting learners with struc-
tured options, guiding them to consider and select the most appropriate answer. This
approach has been applied in cognitive and educational domains. In circuit design, one sys-
tem generates multiple circuit options on screen, allowing novices to select based on criteria
such as cost and component availability [24]. Users of this interactive system completed
tasks more successfully and efficiently than those without access to it. A similar feature has
been adopted in language learning, where learners select from multiple-choice options to
answer questions [25]. Users are noting measurable improvement in their English language
skills, as reported in the study.

https:/ /doi.org/10.3390/ai7050160
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4.1.4. Answering Questions

Answering questions is another explicit learning feature that engages learners actively
with educational content. In language learning contexts, this has been implemented through
tools that provide quizzes, vocabulary and grammar lessons [26]. Learners are required to
respond to structured questions as part of the learning process. This approach has also been
extended to higher education settings, where both technical and non-technical educators
engage with course content through a question and answer feature [27].

However, across the reviewed studies, question and answer interactions are often
limited to pre-set answers. This may make more in-depth exploration harder and make the
Al techniques less adaptive in different and complex learning situations.

4.1.5. Guidance

Guidance represents a type of explicit learning support, particularly valuable for
novice learners navigating complex technical domains. Step-by-step instructional guidance
has been shown to support learners in building circuits and writing code [28]. Through
this guidance, learners receive instructions progressively, reducing the likelihood of errors.
Increased confidence in completing technical tasks was reported among users who engaged
with this form of guided interaction [28]. From the authors’ perspective, step-by-step
instructions may reduce autonomous reasoning skills, as learners may become overly
reliant on structured guidance.

4.1.6. Warning Message

Warning messages represent an explicit learning feature that alerts learners to errors
in real time, enabling them to identify and correct mistakes promptly. This feature has
been applied in programming education, where interactive environments provide warning
messages when errors occur during tasks [29]. Beginner programmers engaging with this
feature reported improvement in their data structure skills and knowledge [29]. However, we
argue that warning messages alone may be insulfficient for deep learning, as alerting learners
to errors without explaining the underlying reasoning may limit conceptual understanding.

4.1.7. Generate Tasks or Solve Tasks

Generating and solving tasks represents as explicit learning feature, engaging learners
actively in domain-specific activities. Across the analysed studies, this feature has been
found in several distinct contexts. In programming and circuit design, task-based learning
has taken the form of debugging and assembly exercises, where learners follow predeter-
mined steps to write code or build circuits [30]. This structured approach supports learners
in understanding content while reducing errors. In education, animated visualisation tools
have been used to present concepts such as wireless network attacks [31]. Learners engage
by controlling the animation process and receiving dynamic descriptions, with positive
feedback reported regarding ease of use and conceptual understanding. Task generation
has also been applied in reading comprehension, where knowledge graphs are used to
automatically generate test questions associated with text [32]. A similar activity-based
approach is evident in education, where learners engage with quizzes and image anal-
ysis tasks to develop knowledge of complex clinical concepts [33]. Learners have been
supported through tools that allow them to modify parameters and develop complex visu-
alisations [34,35]. Positive motivation and improved understanding of computer graphics
concepts were reported among users. Finally, in experimental design contexts, tools have
enabled learners to create playable scenarios by modifying text and symbols [36], though
the need for Al assistance to support successful task completion was noted.

https:/ /doi.org/10.3390/ai7050160
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4.1.8. Suggestions

Suggestions represent an explicit learning feature through which Al systems proac-
tively offer hints, recommendations, or relevant materials to guide learners. Suggestion-
based support has been implemented through chatbot interfaces that provide hints and
conceptual explanations to learners [26]. Favourable feedback was reported, though limita-
tions were noted when users attempted voice-based interaction. Beyond language learning,
suggestion features have been applied in creative and design contexts. Al-based tools
have been used to help designers quickly identify relevant ideas and visual inspiration
during the design phase [37]. Collaborative design settings have further extended this
approach, where Al suggestions enable remote designers to share and build upon each
other’s thoughts [38]. Overall, the suggestion feature accelerates the creative process by
reducing the time needed to find relevant inspiration across these studies.

4.1.9. Alerting

Alerting represents an explicit learning feature through which AI systems notify
learners of potential issues or upcoming events. This has been implemented in educational
settings to inform students about upcoming deadlines, ensuring timely engagement with
course requirements [21].

4.1.10. Feedback

Feedback is a well-established mechanism through which learners determine their
level of success and identify areas for improvement [39]. Digital tools have been shown
to deliver feedback more efficiently than traditional pen-and-paper methods [40]. Across
the reviewed studies, feedback has been implemented in several distinct forms. In pro-
gramming education, feedback has been delivered through conversational assistants that
respond to learner queries about coding exercises and provide assessment on submitted
assignments [41]. A more structured approach is evident in systems that offer multiple
feedback types simultaneously, including syntax error feedback, execution feedback, and
both reactive and proactive guidance [42]. In literacy education, feedback has been used
to support deaf learners by automatically identifying grammatical errors in written text
and presenting them for correction [43]. This approach enables learners to resubmit their
work iteratively, reducing the social pressure associated with making mistakes in front of
a human teacher. In engineering education, correctness-based feedback has been applied
to problem-solving tasks, informing learners whether their steps are accurate without
revealing the answer [44]. In academic advising contexts, feedback has been used to guide
students in selecting institutions and majors aligned with their interests [45]. Performance-
based feedback has also been integrated with question-asking mechanisms, where learner
responses are assessed and used to direct them toward more challenging or corrective
content [22]. Finally, in design education, feedback has supported the transformation of
low-fidelity sketches into higher-quality outputs, streamlining the creative workflow [46].
Across all these contexts, feedback plays a role not as a final judgement but as a dynamic
tool for guiding ongoing learning.

4.1.11. Editing Feedback

Editing feedback represents an explicit learning feature that enables learners to re-
ceive feedback and make necessary modifications based on it. This approach has been
implemented in education, where interactive environments support novice programmers
in learning data structures. One system provides a visually intuitive representation of
data structures, allowing learners to quickly grasp their components [29]. Another enables
learners to create diagrams of data structures and have code automatically generated from
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them [47]. Together, these tools demonstrate how editing feedback can bridge visual under-
standing and practical coding skills. Figure 5 shows an overview of the various forms of
explicit learning in Al techniques. These features can assist in engaging a user in active
learning and help them understand the knowledge. However, we argue that although
editing feedback helps in iterative learning, the reviewed implementations are limited to
programming contexts. Evidence of its effectiveness in other domains remains absent from
the literature.

Explicit Learning

Alerting Ask}ng Guidance Answ?rmg Editing Warning
questions questions feedback

l l [ l l : l [

1 T
Multiple choice [L/NOJ Generate tasks/ Feedback Suggestion
questions solve tasks

Figure 5. A taxonomy derived from user interactions with Al techniques to support explicit learning.

4.2. Implicit Learning

Implicit learning is a second type of learning that is completely different from explicit
learning. It is un-deliberate learning, and learners’ engagement is unintentional [16]. This
form of learning occurs incidentally through engagement with activities and interaction, rather
than through conscious instruction [18]. The concept was first explored by [48], whose work
demonstrated that learners can develop an understanding of structural relations without
using strategies or being able to express the knowledge in words. Building on this foundation,
implicit learning has been further characterised as a process in which learners are unaware
that they are acquiring knowledge through the activities they undertake [19].

4.2.1. Asking and Answering Questions

Asking and answering questions can support implicit learning when learners engage
in dialogue without a deliberate intention to learn. In e-learning contexts, voice-based
assistants have been used to facilitate skill development through conversational interaction.
One such implementation adopts a flexible role, functioning either as a peer or an adviser
depending on the learner’s responses [49]. Thereby naturally guiding the conversation
toward skill improvement [49]. This approach has also been extended to collaborative
problem-solving, where groups of learners engage with a voice assistant to think through
and discuss problems [50]. Compared to groups interacting with human tutors, those using
voice assistance demonstrated more homogeneous contributions and showed evidence of
acquiring collaboration and problem-solving skills. Taken together, the act of asking and
answering questions facilitated learning incidentally, without learners necessarily being
aware of the knowledge they were acquiring.

4.2.2. Performing Activities

Performing activities represents a form of implicit learning in which learners ac-
quire knowledge through engagement with tasks, without a deliberate intention to learn.
Activity-based learning has enabled students to solve exercises using visual programming
tools, fostering an understanding of computational thinking and algorithm behaviour [51].
A similar approach has been adopted to introduce machine learning concepts to beginner
learners without requiring prior coding knowledge [52]. Through hands-on interaction,
learners develop an intuitive understanding of classification processes in an accessible
way. Activity-based implicit learning has also been extended to younger audiences. Con-
versational agents have been designed to allow children to teach and train an Al system
with facts about animals and then observe how the system responds to questions [53].
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This playful interaction supports understanding of machine learning and knowledge rep-
resentation without explicit instruction. Similarly, platform-based tools have enabled
non-technical users to add datasets, train models, and evaluate outputs [54,55]. Taken
together, these activity-based implementations encourage learners to think critically about
Al processes through experimentation rather than direct instruction. However, it is worth
noting that performing activities as an implicit learning feature is predominantly applied
in Al education contexts, leaving its potential in other domains largely unexplored.

4.2.3. Feedback

Implicit feedback supports learning by providing learners with immediate responses
to their actions, enabling them to adjust their approach without being explicitly instructed
to do so. Conversational Al has been used to offer real-time feedback on pronunciation
accuracy, allowing learners to improve their speaking ability through natural interac-
tion [56]. This approach supports skill development in a shorter time than traditional
methods. Implicit feedback has been also applied in creative design contexts. Designers
evaluate and refine their decisions by observing Al-generated outputs that reflect their
design choices [57]. A related approach enables designers to experiment with multimodal
inputs such as images, colours, and text, learning implicitly by observing the impact of
these inputs on generated outputs [58]. These implementations demonstrate that implicit
feedback supports learning across diverse domains by encouraging experimentation and re-
flection rather than direct instruction. However, implicit feedback is inherently dependent
on learner engagement, a factor that is insufficiently addressed in the reviewed studies.

Figure 6 illustrates the different types of implicit learning that can be employed to
educate learners without any deliberate intent to learn. Table 1 provides a glimpse into the
explicit and implicit learning techniques used in Al assistants and the domain to which
they belong. As presented in Table 1, 27 studies (79%) were classified as supporting explicit
learning features and 7 studies (21 %) as supporting implicit learning features. Importantly,
while each study was categorised according to a dominant learning type, several interaction
features (e.g., question-answering and feedback) were observed across both explicit and
implicit contexts, indicating overlap at the learning features rather than at the study level.

Implicit Learning

Asking Performing
questions activities

Answering Feedback
uestions
Figure 6. A taxonomy derived from user interactions with Al techniques to support implicit learning.

In addition, Table 1 reveals a discernible temporal pattern across the 2000-2024 period. The
earliest studies [20,31,34,35,42—44,47] are exclusively associated with explicit learning, particu-
larly feedback, and structured question-answering, with domains concentrated in programming
education and literacy. A transition toward implicit learning became evident during 20192020,
notably through voice-based systems such as Alexa for e-learning [49,50,52,53], while explicit
learning continued to dominate. The most recent period (2021-2024) is marked by the inte-
gration of LLMs into systems such as [22,27,57,58], where the boundary between explicit and
implicit learning becomes less distinct, as systems increasingly support both features simultane-
ously. Overall, implicit approaches became more prevalent after 2019, reflecting a broader shift
from structured instruction toward more flexible, interaction-driven learning support.
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Table 1. Summarised explicit and implicit learning in Al techniques across various domains, pre-

sented in a greyscale to bluescale spectrum: commencing with Programming and progressing to

Education, Cognitive, Skills, AI, and Computer Science (in bluescale). A checkmark (v') indicates

that the study supports the corresponding learning type.

Ref. Year Learning Type Domain Brief Description of Learning Types
Explicit Implicit

Konecki et al. [20] 2015 v Programming Asking questions/answering questions

Shekhar et al. [21] 2020 v Education Allowing students to ask questions/Guiding stu-
dents by providing answers/alerting about dead-
lines

Hobert [41] 2019 v Education Providing feedback/providing suggestions to
students

Villegas-Ch et al. [23] 2022 v Education Answering yes/no questions

Atilola et al. [44] 2014 v Education Providing feedback to engineering students

Michaud et al. [43] 2000 v Education Providing feedback to users/allowing users to
edit the feedback

Sun et al. [25], Allen et al. [27] 2021, 2024 v Education Asking questions/answering Questions

Yuan et al. [31] 2010 v Education Controlling the animation process

Peternier et al. [34], Dias et al. [35] 2006 v Education Modifying parameters/developing tasks

Aldeman et al. [33] 2021 v Education Performing activities

Pham et al. [26] 2018 v Education Answering questions/suggesting hints

Imtiaz et al. [29] 2018 v Education Providing feedback/performing activi-
ties/issuing warning messages

Buchanan and Laviola Jr [47], Fossati 2014, 2015 v Education Providing feedback

etal. [42]

Elragal et al. [22] 2024 v Education Asking questions/providing feedback

Anderson et al. [24] 2017 v Cognitive Answering questions

Drew et al. [30] 2016 v Cognitive Performing tasks

Zhao et al. [32] 2021 v Cognitive Generating tasks/solving tasks

Kim et al. [28] 2020 v Cognitive Advising users/providing feedback/alerting
users

Zhao et al. [49], Winkler et al. [50] 2020, 2019 v Skills Asking questions/answering questions

Harteveld et al. [36] 2017 v Skills Performing activities

Carney et al. [52], Lin et al. [53] 2020 v Al Performing activities

Rodriguez-Garcia et al. [55] 2021 v Al Performing activities

Estevez et al. [51], Garcia et al. [54] 2019, 2020 v Al Performing activities

Koch et al. [37], Koch et al. [38] 2019, 2020 v Al Providing suggestions

Chen et al. [57], Peng et al. [58] 2024 v Al and design Providing feedback

Sermuga Pandian et al. [46] 2020 v Computer Providing feedback

Science

5. Implementation Approaches

To answer RQ2, this section discusses the implementation approaches used to develop

the technique. To gain further insight into the implementation process, we analyse the

implementation of papers mentioned in Section 4. Four main types of approaches are

typically implemented, each with a specific purpose and designed to interact with users

in an intelligent way, as illustrated in Figure 7. The next sections, Sections 5.1-5.4, discuss

each of these approaches in details.
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Figure 7. Types of implementation approaches and user interactions with Al techniques.
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5.1. Conversational Al

Conversational Al has grown significantly over the last ten years, which aids humans
in interacting virtually with computers. Conversational Al is known as a “conversational
agent” in [53]; “task-oriented bots”; “task bots”, in short [59]; and in some research, chat-
bots” [41,60]. A chatbot is defined as a user interface that is created to mimic chats with
users online, typically through text or voice interactions [61]. Chatbots are designed to
automate conversations and provide more efficient, accurate, and personalised services
to users.

Rule-Based and AI Chatbots

Rule-based chatbots are designed with predefined rules, whereas Al chatbots can
understand the context by learning from information gathered; it can be called a “conver-
sational agent” or “machine learning chatbot” [60], which relies on Al, natural language
processing, and machine learning. Although rule-based chatbots are inflexible, the relia-
bility of these rules is one of the benefits of these rules because developers can create and
delete rules for the purpose of editing or fixing errors. Training systems based on rules with
extensive keywords has been recommended to ensure accurate outputs [62]. However, Al
chatbots are more flexible and less reliable. The reason behind this is that Al chatbots can
learn from the mistakes and answers of users in order to reply accurately, but the tolerance
for grammatical mistakes is higher. Table 2 summarises the differences between rule-based
chatbots and Al chatbots.

One approach combined a “chatbot-based system” built with natural language with
an “intelligent programming tutor” to provide proper learning support [41]. This technique
supports novice programmers in answering their questions and guiding them through
programming tasks. Another implementation deployed a chatbot on mobile devices,
enabling learners to interact through a chat window [26].

Table 2. Rule-based chatbots vs. Al chatbots.

Rule-Based Chatbots Al Chatbots
Predefined rules Learn from information gathered
Reliable Less reliable
Less flexible More flexible
Used in simple scenarios Used in more complex scenarios

A contextual virtual teaching assistant was implemented using RASA, an open-source
conversational Al platform [21]. This Al chatbot communicates with students and provides
contextual support throughout their learning process.

5.2. Al Systems

Intelligent systems have seamlessly woven themselves into our daily lives, becoming an
integral part of our routines [63]. These systems provide learning experiences by leveraging
their capacity to assist users in acquiring knowledge. They encompass a wide range of
functionalities, including interactivity, tutoring, teaching, and recommendation systems.

5.2.1. An Interactive System

An interactive system refers to a computer system in which users can interact with a
running program by providing data or instructions using input devices such as a keyboard
or mouse [64]. In electronics education, one such system was designed to help users with
no prior knowledge design and build circuits [24]. A similar approach has been adopted
in creative design contexts, where an interactive system allows designers to enter textual
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inputs, choose recommended design features, and manage the creative process through
image-to-image and text to image comparisons [57].

5.2.2. Tutoring System

Intelligent tutoring systems are computerised educational platforms that offer indi-
vidualised guidance by simulating and analysing the learning progress and behaviour
of each learner [65-67]. Tutoring systems have been used to aid learners with written
language skills [43]. In programming education, intelligent tutoring systems have been
developed to provide automated feedback for learning data analysis and teaching linked
lists [42]. A related implementation focused on teaching data structures more broadly,
offering structured guidance to support learners in complex programming concepts [68].

5.2.3. Teaching Platform

Al offers a distinctive opportunity to tailor learning experiences, boost student en-
gagement, and strengthen educators’ capabilities by utilising machine learning algorithms
and large-scale data [69]. In medical education, machine learning has been applied within
an intelligent platform to support the teaching of complex clinical concepts [33]. A similar
platform-based approach has been adopted in language education, where artificial intelli-
gence and knowledge recommendation are combined to create a modern teaching tool for
students [25].

5.2.4. Recommendation System

A recommender system is a combination of software tools and machine learning methods
designed to offer valuable suggestions based on a user’s preferences [70]. In reading comprehen-
sion, an intelligent system has been implemented to apply cognitive intelligence to teaching [32].
A related approach has been adopted in academic advising, where a recommender system
identifies students’ interests and skills to provide personalised guidance [45].

5.3. Al Assistance

Al assistance systems have been developed across a range of educational and creative
contexts. In programming education, an intelligent assistant has been proposed to support
students in learning programming languages [20]. In design contexts, Al-based assistance
has been used to automate the transfer of low-fidelity sketches to higher-fidelity represen-
tations [46]. Cooperative platforms have also been developed to help designers quickly
find inspiring images for their projects [37,38]. Beyond these contexts, Al assistance has
been extended to support children in learning numbers [23].

5.4. Al Tools

Tools refer to a wide range of resources and methods that are essential for the practice
of interaction design [71]. In the context of design practice, tools include items such
as sketches, brainstorming techniques, contextual inquiry methods, physical prototypes,
and more. These tools aid designers in their creative and problem-solving processes,
and they may evolve over time as new design methods and technologies emerge [71].
Across the reviewed studies, Al tools have been implemented in several distinct contexts.
In electronics education, a debugging tool has been developed to support students in
completing electronic design assignments [30]. In machine learning education, a web-based
tool has been designed to explain classification concepts to beginners without requiring
technical expertise [52]. The Scratch programming environment has been adopted to
introduce Al concepts to students aged 16-18 [51]. Visualisation tools have also been
developed for teaching computer security concepts [31], while playful authoring tools have
been implemented to support users in creating interactive experiences [36]. In engineering
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education, a sketch recognition tool uses Al to detect and analyse the shapes and features
of free-body diagrams [44]. Finally, in creative design, a tool employing multimodal inputs
such as images and colours has been developed to help designers explore and express their
intentions to AI [58].

6. Al Techniques for Implementing Intelligent Behaviours
6.1. Understanding the Storage Knowledge and Updating

Over the last twenty years, the growth of the Semantic Web has enabled the emergence
of a large selection of structured data on the internet, presented as knowledge bases [72]. A
knowledge base (KB) is defined as a structured database that includes groups of facts [73].
Researchers have used different ways to store knowledge. The KB used is static and only
updated in the small talk database, in case the chatbot does not understand the text entered
by the user. The dialogue manager is a response to provide an appropriate answer to the
user by matching the input with KB. The semantic network in [57] built from 1255 Kansei
words, by using data from consumer comments and automotive critic reviews. These
words are then mapped to car models to provide the relevant design features.

Coding Tutor has three different databases to support students in learning [41]. The
Learning Path Object database is built to store information related to the progress and
performance of learners. Independent Learning Object is used to store concepts related
to homework and activities. A Small Talk Response database can be used if the student’s
intent is not typically related. The dataset collected in [46] consists of hand-written sketches.

The database in May Al [37] is dynamic. The feedback from the designer is used to
update the probability distribution of each suggestion agent. The COFFEE bot [22] used a
database to store course content and an internal database to log user interactions.

Recommender systems make use of ontologies as the back end of the system to repre-
sent knowledge and simplify the parsing, reasoning, sharing, and reuse of knowledge [45].
This system of organising data into distinct concepts with associated attributes and relation-
ships helps to create more precise recommendations for students. The ontology includes
information about higher education, students, and employment.

6.2. Algorithms and Implementation

An algorithm is defined as, “the thing that gets data processing and other computation
done”, based on [74]. This section discusses some existing algorithms of papers mentioned
in Section 4. The implementation of different approaches in Al design tools is presented in
Table 3. Our taxonomy is summarised in Table 4.

6.2.1. Conversational Al

The chatbot in [41] is implemented based on natural language processing, which
incorporates natural language understanding to generate input to the dialogue manager
and knowledge base (KB) if the user’s intent is matched with the words stored in the
database. Additionally, natural language generation is used to show a response to the
user accurately. An intelligent personal assistant [26] was implemented on mobile devices,
allowing users to interact through a chat window. The chatbot is implemented using the
Dialogflow platform for natural language processing and acquiring input from the user.
The chatbot described in [22] was implemented using Dialogflow along with a learning
framework to customise course material for individual student performance.

The virtual teaching assistant (VTA) was implemented using Rasa in [21]. RASA is free
and open-source for creating virtual assistant (Al) software [21]. A machine algorithm was
applied to build Rasa, and the NLU model was used and able to understand the intent of
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the student’s input. The interaction between students and the system is based on messages,
and the RASA core interprets these messages.

Table 3. Implementation of different approaches in Al techniques, a dash (-) is used to indicate that
the information was not reported, All abbreviations used in this table are explained in Table 4.
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MetaMorph [46] 2020 DS — D DNNs \%
NLA,
ImageSense [38] 2020 DB — D MMCQ \WAY
May AI[37] 2019 DB U CCB A%
iList [42] 2015 — U ML wv
Assistance System [23] 2022 DB D CH IR v
ICICLE [43] 2000 KB D U NLP
Coding Tutor [41] 2019 DB D NP —
LAM, S
Alexa for E-learning [49] 2020 — — U NLA
An Intelligent Reading Assistant System [32] 2021 DB — L RA w
Intelligent English Teaching Platform [25] 2021 NB — LL DTA, NN w
The Toastboard [30] 2016 — — U — A
Teachable Machine [52] 2020 — — 18] ML v
Zhorai [53] 2020 — — CH — \WAY
A Scratch-based Al tutorial [51] 2019 — — L CL, NN A%
Smartpathk [33] 2021 — D ILL SML, J48 \WAY
Chatbot [26] 2018 — — L — W
An Intelligent Assistant [20] 2015 — — L — \\Y
Visualisation Tools [31] 2010 — — L — \VAY
VTK [35] 2006 — — L — \WAY
Playful Authoring Tools [36] 2017 — — U — WVS
Mental Vision [34] 2006 — — L — \AY
GBA,
Mechanix [44] 2014 — — L RTruss wv
BFS, Rec, A
Trigger-action-circuits [24] 2017 DB — U DRA
W
CVTA [21] 2020 — — L ML
HeyTeddy [28] 2019 — D NP — WSA
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Table 3. Cont.

- [} % "g »
5 3 < 5 < &
= & <9 9 ko] >
=] ) 2 R = ;
Names of System/Tool = < & ® g g
] [ =] = = k31
9] — [} = = =1
= 2 i~ 13} = s
I e 2 T 8 3
& v 2 = 8 E
A <« =
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CSTutor [47] 2014 — — L recogni- wv
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Smart Personal Assistant (SPA) [50] 2019 — — U NLP S
KE, LLM,
AutoSpark [57] 2024 NB S D Patchlnyv, WAV
CLIP
ANN, su-
LearningML [54] 2020 DS D L pervised W,S
learning
NLP and
COFFEE [22] 2024 DB D L ChatGPT WAV
DesignPrompt [58] 2024 — — ) OpenAl WAV
Web-
Q-Module-Bot [27] 2024 KB D L TP wa
GPT-3.5
Table 4. Summarised taxonomy used in Table 3, starting from the second column, as the first column
is already included in Table 3.
Taxonomy Description
3 Knowledge store Database (DB), Knowledge Base (KB), Dataset (DS), Text Files (TF), Folder (FO)
Knowledge update Static (S), Dynamic (D)
Entering input Patients (P), Users (U), Learners (L), Novice Programmers (NP), Elderly People (EP), Instructors
(I), Children (CH), Designer (D), Pregnant Women (PW)
6 Algorithms or meth- Decision Tree Algorithm (DTA), Machine Learning (ML), Generate Guidelines and Monitor
ods Health (GG and MH), Natural Language Algorithm (NLA), Recommendation Algorithm (RA),

Deep Neural Networks (DNNs), Modified Median Cut Quantisation (MMCQ), Cooperative
Contextual Bandits (CCB), Image Recognition (IR), Breadth First Search (BFS), Dependency
Resolution Algorithm (DRA), Supervised Machine Learning (SML), Neural Network (NN),
Graph-Building Algorithm (GBA), Recognition and Translation Algorithm (RATA), Cluster-
ing (CL), Recognising Truss (RTruss), Recursive (Rec), Lambda (LAM), Kansei Engineering
(KE), Large Language Model (LLM), PatchInv (Patch-inversion), Contrastive Language-Image
Pretraining (CLIP), Chat Generative Pretrained Transformer (ChatGPT), Open Artificial Intelli-
gence (OpenAl)

7 Types of interaction Written (W), Spoken (S), Action (A), Visualisation (V)

6.2.2. Systems

An ontology-based recommender system integrated with machine learning has been
proposed to help students choose their major after high school [45]. Data is collected
through student profiles and surveys to identify individual interests. Machine learning
algorithms, including K-mode, self-organising map, and hierarchical clustering, are then
applied to filter and cluster the data before generating personalised recommendations.
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By leveraging the intelligent reading assistant system proposed in [32], educators can
upload text articles which are automatically converted into a knowledge graph by the
system. Furthermore, two methods are employed for generating test questions: one based
on the knowledge graph and the other one utilising Recurrent Neural Networks (RNNs)
for text generation. Such approaches allow learners to develop their cognitive abilities in
reading and answering test questions accurately. Additionally, the system can generate
reports based on individual learner profiles, thus providing personalised learning paths
for improvement.

Trigger Action Circuits is a powerful software application that runs on a computer
and is implemented using the C# programming language [24]. It defines components
using an XML file and allows users to easily create and modify them. Furthermore,
the implementation uses a breadth-first, recursive, dependency resolution algorithm to
generate circuits that satisfy the mapping. This algorithm looks for possible solutions for
each component and keeps track of components that have been used or are available. Al
techniques such as decision tree algorithms and neural networks have been leveraged to
design a platform for teaching English [25].

Researchers in [33] used the J48 algorithm to implement the SmartPathK platform.
The algorithm, which is part of the machine learning family, enables a computer to model
a decision tree, making it possible to make decisions based on certain conditions. The
accuracy of the tool was tested and found to have an 89.47% accuracy when using the
machine learning algorithms based on the decision tree. Data entered by a user is stored in
the decision tree algorithm, and the knowledge base created by the J48 algorithm is not
static, as it can be updated with new data. This allows for more accurate decision-making
based on specific conditions. The J48 algorithm was validated by testing its accuracy in
identifying glomerulopathies.

The implementation of the intelligent tutoring system [42] was enhanced by utilising
machine learning approaches in order to create an effective model based on the past
experiences of a student engaging with the system. The procedural knowledge model was
built to automatically generate a useful model from the student’s previous interactions with
the system. This model is represented by a directed graph having two types of vertices:
states and actions. States signify a snapshot of the system, while the actions depict the
probabilities of a student taking a certain action. This model is used to assess the student’s
uncertainty, and the graph is traversed to estimate the probability of the student reaching a
correct solution.

The AutoSpark system was implemented by merging several techniques to improve
the design process [57]. The Kansei Engineering engine combines outputs from large
language models such as GPT-4/GPT-4V, with a semantic network of Kansei words to
recommend design features. Moreover, it uses a patch-inversion method to highlight how
parts of a generated image respond to text prompts. Also, AutoSpark uses CLIP-based
comparisons to guarantee the image matches the intended description.

6.2.3. Tools

Researchers implemented two algorithms, K-Means and an Artificial Neural Network
logic gate, which were coded into a Scratch template as detailed in [51]. This template is
designed with empty blocks, which users need to fill to execute the algorithms. For the
K-Means algorithm, students need to complete the specification of a block called KMeans
in order to calculate the distance from each of the N points to K mass centres and allocate
each point to the nearest mass centre. An Artificial Neural Network logic gate implements
the algorithm; the students must code the equation to update the weight of the network,
with the equation for another weight already provided in the Scratch file. After the code
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is completed, students can train the neuron and observe the evolution of weights and
output errors.

Researchers implemented Mechanix, an intuitive, natural sketch interface, to aid
novice software students in learning truss analysis and diagrams [44]. This tool allows
students to draw trusses and diagrams more intuitively with a pen-like interface. The
interface also provides feedback to the student on the correctness of their diagrams, with
colour-coding and arrows to highlight errors and provide information to aid the user in
understanding and correcting them. To identify truss shapes from multiple line shapes,
researchers used a graph-building algorithm. Furthermore, Al algorithms were also utilised
to recognise and compare trusses. The system has a built-in voice recognition module that
converts a user’s sound into text [49]. A natural language understanding (NLU) module
then analyses the text. A keyword matching module is used to recognise, respond to, and
adapt to different scenarios depending on the words used by the learner. To store and
analyse data, the learning system was developed by Amazon Web Services (AWS) lambda
functions, which stores the data in Amazon S3. Additionally, Amazon Comprehend is used
to further analyse the data and extract meaningful insights.

6.2.4. Al Assistants

A supervised deep learning model was used to create MetaMorph, enabling the model
to identify and classify collected datasets and generate high-level sketches with better
accuracy [46]. A related web-based implementation utilises common web technologies
such as HTML, CSS, and JavaScript for the user interface, with a Python-based back end [38].
Google vision APl is used to retrieve semantic labels of images, attaching the top ten labels
when a designer adds a new image to the board. Additionally, the MMCQ algorithm is
applied to analyse each image for its ten major colours. A machine learning framework
based on the cooperative contextual bandits (CCB) algorithm has been adopted to offer
relevant pictures or text to users [37]. The algorithm makes decisions based on expected
probabilities for each option. To optimise suggestions, the agent either exploits its current
suggestion if it provides the highest probability, or explores other options by referring to
another agent with a higher probability.

Before discussing the evaluation of Al techniques, Table 3 is examined temporally
to identify how implementation approaches have evolved across the reviewed period.
During the early period (2000-2015), techniques such as [31,34,35,42-44,47] did not report
a knowledge store or knowledge update mechanism, and targeted learners as the primary
input type. Algorithms were largely absent from reporting, and interaction was mostly
written or visual. During the middle period (2016-2020), database-backed knowledge
stores became more common, as seen in [37,38,41], and dynamic knowledge updating
began to appear. Furthermore, this period introduced more diverse algorithmic methods,
including deep neural networks, cooperative contextual bandits, and supervised machine
learning. Voice and action-based interactions also emerged through systems such as [28,49].
In the most recent period (2021-2024), systems such as [22,27,57] integrated large language
models and generative Al APIs, supported dynamic knowledge updating, and combined
multiple interaction modalities simultaneously.

6.3. Evaluation

In this section, we thoroughly examine the evaluation methods used in each paper to assess
Al techniques. We focus specifically on the question: How do they evaluate? As indicated in
Appendix A Table A1, most papers used experimental evaluation methods.

Furthermore, various approaches were used for data collection across chatbots, Al
systems, Al tools, and Al assistants. This table also discusses the specific metrics targeted

https:/ /doi.org/10.3390/ai7050160


https://doi.org/10.3390/ai7050160

Al 2026, 7,160

20 of 31

by each paper during their evaluation, either derived from user feedback or the techniques
themselves. In Table 5, we categorised the Al techniques to analyse the implementation
of experimental evaluation. Our analysis indicates that the majority of Al techniques
incorporated both quantitative and qualitative methods.

Table 5. Classification of Al techniques based on their employed methodology: qualitative, quantita-
tive, and mixed approaches.

Chatbot System Tools Al Assistance
Qualitative Elragal et al. [22] Konecki et al. [20], Winkler et al.
[50], Villegas-Ch et al. [23], Koch
etal. [38]
Quantitative Allen et al. [27]
Mixed Pham et al. [26], Kim Hobert [41], Anderson Drew et al. [30], Yuan Sermuga Pandian et al. [46],
etal. [28] et al. [24], Chen et al. etal [31], Estevez etal. Koch et al. [37], Rodriguez-

[57], Sun et al. [25], Fos- [51], Atilola et al. [44], Garcia et al. [55]
sati et al. [42], Garcla Imtiaz et al. [29], Peng
etal. [54] et al. [58], Buchanan and

Laviola Jr [47]

Evaluation Challenges and Limitations in AI Techniques: This section explores the
common challenges and limitations faced by other researchers. We also suggest some
solutions to help overcome these limitations.

Challenges in Engagement and User Interaction: Engagement and user interaction
remain common issues in several Al techniques, revealing the underlying difficulties faced
by users across various systems and applications. For example, regarding chatbots [26],
users expressed limitations and dissatisfaction with a chatbot’s responses, further demon-
strating how a complex or unintuitive interaction design can hinder user engagement. In
[37], some users found it challenging to understand Al’s suggestions in the design process,
and concerns were raised about how Al could lead to laziness in design thinking. Even in
educational settings, as seen in Al assistance [50], challenges adapting to and effectively
utilising tutoring systems were reported, indicating that these barriers are not confined to
one area of technology but extend across various domains.

To mitigate these challenges, it may be helpful to conduct iterative design and test-
ing that vigorously involves end users early in the development process. For example,
qualitative feedback, such as interviews and usability tests, can be used to improve interac-
tions and guarantee that the system adapts to user expectations. In addition, developing
text-based systems by integrating voice, touch, or visual inputs can provide more rich
interactions and better accommodate different user preferences.

Limitations in Technology and Models: Several Al techniques exhibit a consistent
pattern of technological limitations and model constraints, highlighting widespread dif-
ficulties in accurately and effectively applying different systems. In physical computing
education, challenges have been identified in handling complex prototypes, the lack of
multi-user support, and difficulties in integrating new features [28]. In programming
education, diverse user experience levels, the need for software improvements, and server
capacity limitations reflect struggles with adaptability and responsiveness [41]. Further
challenges include limited support for higher-level software constructs and difficulties in
supporting circuits without a microcontroller [24]. Finally, constraints in handling complex
circuit debugging scenarios, including a limited ability to capture rapidly changing values
and analyse embedded software behaviour, indicate the need for new solutions [30].

One solution this paper suggests for enhancing the model is continuous model eval-
uation. This could be achieved by implementing robust monitoring and by using both
quantitative and qualitative evaluation to ensure sustained performance and accuracy, even
with evolving user inputs.
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Challenges in AI Education and Learning Techniques: The study in [42] emphasises
dissatisfaction with repetitive feedback in a specific version of iList, linking it with the
overall theme of user experience and feedback. References [29,31,51,53,55] share a common
concern regarding small sample sizes, limiting the strength and generalisability of conclu-
sions, and point to the need for more extensive research and controlled interaction. This
reflects a broader challenge in educational research, as mentioned in [50], where adaptation
to new tools like the SPA tutor may present limitations compared to human interactions.
The researchers in [23] touch on user experience again, this time focusing on the unique
challenges faced by young children in terms of technical complexity and cognitive load.

The solution could be that future studies incorporate larger, more diverse participant
pools and evaluation processes to capture long-term user interactions and learning out-
comes. Additionally, to reduce the cognitive load and complexity that may face participants,
before developing Al techniques, the aimed user should be incorporated into the design of
the techniques, such as by using a co-design approach [75]. The co-design approach may
help to understand what they need and what the level of their knowledge is. Based on
the results of this approach, the technique could reduce complexity and cognitive load for
learners by designing a technique that suits them.

Limited Sample Size Affecting Conclusions: Some challenges identified in [53] raise
concerns regarding the evaluation of Zhorai’s effectiveness. The study was conducted
with a small number of participants, indicating that further testing is needed to determine
whether Zhorai is effective. The results of the student questionnaires and educational
visualisation tools are promising in [31], but the limited sample size and one-time work-
shop make it challenging to draw definitive conclusions, emphasising the need for more
extensive studies, sophisticated materials, and alternative programming languages [51].

In addition, limited availability, potential bias in selection, and curriculum changes
present challenges in evaluation [44]. Individual biases and interpretations, the time-
consuming nature of data collection, and the possibility of socially desirable answers instead
of true feelings reveal the inherent complexities in the methodology [29]. Reductions in the
sample size, potential influence of prior knowledge, and gender disparities in STEM may
also affect the generalisability of the findings [29]. Finally, the challenges for users, such
as adapting to new tools and methodologies, encapsulate the multifaceted nature of these
challenges [50].

User Dissatisfaction and Experience Challenges: Users were dissatisfied with the
app functions and chatbot interactions [26], illustrating the critical need for a user-centric
design. Feedback issues caused dissatisfaction among students, with one version being
viewed as more repetitive and misleading than others [42], emphasising the importance of
clear, varied feedback. Users also struggled with understanding an Al system’s suggestions,
leading to concerns about its complexity and relevance [37]. The challenges with adapting
to an automated tutor, compared to a human tutor [50], demonstrate potential limitations
in the technology’s ability to mimic human-like understanding and responsiveness. The
solution could be conducting a pilot study of periodic usability sessions with diverse
groups of participants to gather targeted feedback on specific Al techniques. This can help
identify and correct development issues before launching products.

Complexity and Difficulties in Understanding Systems: The ideas highlighted
underscore a prevalent theme of complexity and difficulties in understanding various
systems, models, or technologies across different contexts. Design limitations exist in
handling prototypes [28], debugging difficulties [24], and addressing complexities in circuit
debugging [30]. Learning curves and technical limitations in the evaluation process [46],
user understanding of Al-driven processes [37], and technical complexity in children’s
interactions [23] further emphasise the multifaceted nature of these challenges. Whether
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in medical contexts, user interface design, age-appropriate system design, or technology
evaluation, these complexities underline the need for a user-centric and context-aware
approach. They highlight how intricate details, lack of user-friendly design, and inherent
complexities can lead to implementation challenges, underscoring the importance of multi-
faceted solutions that consider users’ needs, technical capabilities, and the specific context
in which the system operates.

6.4. Types of User Interactions

Regarding the ways in which users interact with Al techniques, the interaction can be
divided into four types: text, voice, visualisation, and action. These allow users to access
machines and receive accurate responses to their queries. The following section discusses
these types in detail.

6.4.1. Interaction Based on Writing

Text-based interaction is a form of communication between the end user and an Al
techniques, where the user interacts with the Al system through written text. This form
of communication makes it possible for users to interact with Al techniques in real time,
allowing for more natural and effective conversations. Interactions based on text can
be used to help users receive information, request services, give feedback, and more. In
addition, this type of communication can also be used to help Al systems learn and improve
their understanding of the user’s needs.

6.4.2. Interaction Based on Visualisation

The use of visualisation in the interaction between users and Al techniques has numer-
ous benefits. Visualisation helps to quickly convey complex information to users in an way
that is easier to understand. Visualisation of the output helps speed up the processes of
understanding and decision-making, allowing users to understand the output of Al tools
quickly and accurately. An evaluation of the effectiveness of Zhorai was conducted with
14 children in small groups [53], which revealed an increase in engagement during learning
due to the conversational aspect. Using a combination of conversation and visuals was suc-
cessful in educating kids on the fundamentals of machine learning. The use of visualisation
in the interaction between users and Al tools can help to reduce cognitive overload and
improve the user experience, making the interaction more enjoyable and efficient.

6.4.3. Interaction Based on Voice

Learning from Al technology is not limited to text-based interactions or visualisations;
instead, it has been further augmented to include voice interactions to meet the needs of
users. Voice assistants support a range of activities, including responding to user questions,
creating alarms, making calls, and providing weather updates [76]. In educational contexts,
voice-over interaction has been shown to offer advantages over typing, particularly in
making programming more accessible for novice learners [28]. Voice-based assistants,
particularly Alexa, have been adopted across several reviewed studies [28,49,50]. An
Amazon Echo Dot device is used to handle voice input and convert it to text [28], while
Alexa has also been applied as an intelligent personal assistant for English language
education [56].

6.4.4. Interaction Based on Action

By actually performing tasks and seeing the results in real-time execution, users can
observe how Al can help them solve problems more quickly and efficiently. Additionally,
the ability to test out different scenarios and observe the results can provide valuable
insight into how Al techniques can be used to improve existing processes and create new
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ones. As noted in Section 4, beginner programmers can learn by building and assembling
circuits [24,28,30]. AutoSpark combines various interaction modalities [57]. Designers can
type text prompts and Kansei words, click and select options, upload images, and view
visual representations on the design board.

Table 6 summarises the interaction types across the reviewed studies. Interaction
types were coded using a multi-label approach, as some of Al techniques support multiple
modalities simultaneously (e.g., text, voice, action, and visualisation); see Table 3. Each
study could be assigned multiple interaction labels; therefore, counts reflect the number of
studies in which each interaction type appears rather than mutually exclusive categories.
Percentages reported in Table 6 are calculated by normalising the total number of interaction
occurrences across all studies. Written interaction was observed in 25 studies, followed by
visualisation in 19 studies, action-based interaction in 7 studies, and spoken interaction
in 5 studies. When normalised across the total number of interaction instances, written
interaction was the most frequently observed (45%), followed by visualisation (34%), action-
based interaction (12%), and spoken interaction (9%). These proportions are not mutually
exclusive, as individual studies may include more than one interaction type.

Table 6. Interaction types (text, spoken, action, and visualisations) in academic research papers.

Interaction Types Number of Papers
Written 45%

Spoken 9%

Action 12%

Visualisation 34%

6.5. Generative Al and Large Language Models in Educational Assistants

As discussed in this review, a substantial proportion of identified Al educational
systems, e.g., rule-based logic, machine learning, and neural networks, often rely on
predefined rules and a static knowledge base. However, although these techniques provide
reliability and control, their interaction capabilities with learners are often constrained by
predefined workflows, restricting flexibility and constrained learning.

On the other hand, large language models (LLMs) and generative Al (GenAl) systems
represent a paradigm shift in Al-assisted learning [2]. The systems reviewed, such as
DesignPrompt, COFFEE, AutoSpark, and Q-Module-Bot, integrate LLM-based instruments
(e.g., ChatGPT, GPT-3.5, and OpenAlI APIs) to dynamically generate responses. In contrast
with rule-based techniques, LLMs generate explanations and feedback from large-scale
pretrained knowledge rather than manually encoded rules. This allows more adaptable and
conversational forms of learner interaction that can respond to diverse inputs and contexts.
Therefore, LLM-based systems are increasingly positioned as promising techniques to help
facilitate meaningful learning experiences.

The reviewed studies present some models for integrating LLM into education. Some
systems directly integrate OpenAl or GPT-based APIs to generate feedback design sugges-
tions or answers to user questions. In these cases, the LLM acts as the immediate reasoning
engine producing output based on user instructions. Some systems combine traditional
knowledge representations (such as knowledge bases ontology or datasets) with generative
models. For example, web scraping combined with GPT-3.5 or multimodal models such as
CLIP allows systems to map responses to structured inputs while leveraging generative flex-
ibility. Systems such as AutoSpark include multimedia capabilities (such as image-to-text
integration via CLIP) along with LLM logic. This enables learning through visual, textual,
and interactive channels, going beyond purely textual platforms. These approaches reflect a
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transition away from the enforcement of fixed rules towards generative and context-aware
response mechanisms. Integration of LLMs has significant implications for the explicit and
implicit learning features identified in Section 4. LLM-based assistants support explicit
learning by enabling explanations of complex concepts, guided questions, tutorials, and
adaptive feedback tailored to the learner’s responses. As LLMs can generate dynamically
different responses, they assist learners in engaging in an iterative dialogue rather than
receiving static feedback. This could increase the depth of conceptual engagement and
support reflective learning processes. For instance, when a learner poses a question to
an LLM-based assistant, the generated response may encourage further inquiry, fostering
iterative engagement that supports the development of critical thinking and curiosity. Gen-
erative systems also support implicit learning features through the recommendations and
learning-by-experimentation within conversational systems. Learning happens indirectly
as users explore system outputs, change questions, and observe the results. Thus, LLM in-
tegration boosts both explicit and implicit learning by increasing flexibility, responsiveness,
and contextual adaptation.

Beyond the findings of the included studies, several broader considerations are rele-
vant to the design and evaluation of LLM-based educational assistants. Although LLM-
based systems expand the capabilities of Al assistants in education, they also introduce new
evaluation and ethical challenges. Traditional evaluation metrics of Al focus on metrics
such as accuracy, task completion rates, and usability scores. Those may be insufficient
for generative systems. Thus, additional evaluation dimensions are necessary, including
the accuracy and reliability of feedback responses [77], as LLM-based educational systems
may present risks to learners, such as hallucination. This could lead to reduced critical
thinking if learners accept outputs. These risks are especially critical in some fields such as
privacy, security, and health, as incorrect guidance may have significant effects on learners.
Therefore, the integration of LLMs into educational assistants requires careful design of
guardrails and evaluation.

7. Research Challenges and Directions

This section outlines four primary research challenges identified through the litera-
ture review. While Al educational assistants have demonstrated growing capabilities in
supporting learning, significant technical and evaluative limitations persist.

7.1. Conversational Adaptivity and Interaction Limitations

Natural language processing and generative models have enabled more interactive
learner engagement according to the review. However, many of the systems reviewed
still struggle to support both explicit and implicit learning through adaptive interaction.
Many Al educational systems in the review lack support for conversational interaction,
personalised feedback, and mechanisms for iterative dialogue. Rule-based and machine
learning approaches are particularly limited in handling open-ended learner queries or
dynamically providing explanations. As a result, the interactions implemented in many
techniques remain limited. To address these constraints, future educational assistants
should incorporate mechanisms that support adaptive dialogue, guided questioning, and
context-aware feedback. Large language model (LLM)-based systems offer one potential
direction, particularly when designed to provide conversational flexibility with structured
learning support.

7.2. Knowledge Representation and Architectural Constraints

This review also identified differences in how knowledge representation is imple-
mented and documented. A considerable number of studies did not specify whether their
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knowledge base was static or dynamically updated. As noted, several studies relied on
static knowledge bases without update mechanisms, thereby limiting adaptability to devel-
oping fields. Moreover, systems built on rule-based logic or traditional machine learning
models are often unable to adapt to open-ended learner engagements. This restriction limits
the flexibility and depth of the learning support they provide for learners. Future systems
should adopt updatable architectures for separate knowledge representation from inter-
action logic. Such separation allows knowledge bases to operate independently without
requiring retraining of the system. Retrieval-augmented generation (RAG) [78] represents
one approach for grounding generative outputs in verified knowledge sources. This thereby
improves reliability while supporting adaptability. These design directions may contribute
to more scalable and robust educational assistants.

7.3. Integrating Heterogeneous Al Approaches

Most reviewed systems are based on a single dominant technique, such as conver-
sational agents [22,27], teaching platforms [26,34] or intelligent tutoring systems [47,68].
While each approach offers advantages, many systems lack the capability to integrate mul-
tiple learning support techniques. Deep learning support requires generating structured
explanations, responding to questions, and supporting iterative interaction. However,
rule-based or narrowly trained machine learning systems frequently struggle to support
these functions comprehensively. Future studies should investigate hybrid architectures
that combine complementary techniques, such as integrating machine learning compo-
nents with LLM-based conversational layers. These heterogeneous designs may improve
alignment of implementation mechanisms with the different interaction features identified
in the review.

7.4. The Need for Robust Evaluation Frameworks

A finding in the reviewed literature is the unevenness of evaluation practices. As
summarised in Appendix A, Table A1, studies vary substantially in their designs, sample
sizes, durations, and reported metrics. Many rely on short-term experiments or single-
session workshops. Thus, it limits conclusions about the long-term impact on learning.
To address this, more rigorous evaluation designs are necessary. Longitudinal studies
that track learners” knowledge, behaviour, and skill development over long durations,
such as a full academic semester, would provide stronger evidence of sustained learning
effects. The 12-week evaluation conducted for Q-Module-Bot [27] provides an example of a
more extensive evaluation. Evaluation approaches should also extend beyond usability
and effectiveness metrics to include learning-specific measures such as knowledge gain
and misconception analysis. Regarding systems built with LLMs, evaluation pipelines
should include expert review, automated verification against trusted knowledge sources,
and the accuracy of answers that LLMs produce. Thus, reflect transparency mechanisms
for support engagement with Al-generated responses.

7.5. Limitations

This review has several limitations that should be considered when interpreting the
findings. The first limitation is related to the fact that the presented review was limited to
English-language publications only. This could have resulted in the exclusion of relevant
studies published in other languages, which could have resulted in a language bias. Second,
the classification of studies as explicit or implicit learning was subjective, based on the
theoretical definitions of explicit and implicit learning drawn from educational theory.
Future work could develop a classification framework for Al educational techniques, which
could then serve as a reference guide for future research in this field. Finally, only four
studies among the total 38 studies included in the present review incorporate the use of
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LLMs or generative AL Therefore, this means that the proposed taxonomy and findings are
focused mostly on the pre-period of LLM expansion in learning. A future review could
focus on the educational techniques based on LLMs only to propose a more representative
taxonomy for understanding the different mechanisms underlying the learning process in
the context of the latest Al-based educational assistants.

8. Conclusions

This study examined how Al educational systems support learning through inter-
action features. We analysed 38 studies and proposed a taxonomy of Al techniques that
support learning features through different mechanisms. The review identified that explicit
learning is supported by 11 interaction features, such as asking questions and providing
feedback. Implicit learning is supported through four features including asking and answer-
ing questions, performing activities, and feedback. The findings show that 79% of reviewed
studies supported explicit learning and 21% supported implicit learning. In addition,
we analysed their implementation approaches by examining knowledge representation
strategies, algorithms, and interaction mechanisms. The findings indicate that four imple-
mentation approaches were identified: conversational Al, Al systems, Al assistance, and
Al tools. Algorithms evolved from rule-based and machine learning methods toward large
language models in the most recent period. Written interaction dominated (45%), followed
by visualisation (34%), action (12%), and voice (9%). Most studies relied on experimental
evaluation combining qualitative and quantitative methods. We also discussed evaluations
of Al techniques and identified the challenges and limitations of Al techniques. We high-
lighted limitations that remain in conversational adaptivity, knowledge representation, and
evaluation. We identified four research gaps and highlighted the need for more adaptive
architectures, clearer reporting standards, heterogeneous integration strategies, and more
rigorous evaluation frameworks. Overall, this review provides a structured foundation
for analysing how interaction features are implemented and evaluated in Al educational
assistants, offering guidance for developing more robust and adaptable learning systems.
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Appendix A

Table Al. Evaluation of Al approaches: chatbots denoted by beige background, Al systems by blue,
Al tools by green, and Al assistants by grey. A checkmark (v) indicates that the study supports the
corresponding evaluation approach, while a dash (-) indicates that no findings were reported.

Ref. Eval. Types Data Collection Methods Participants Metrics/Measures
Exp
Pham et al. [26] v o 14,000 people User—chatbot interaction and usability.
Kim et al. [28] v Sessions with participants 10 users Time, debugging issues, and users’ confidence
and interviews
Shekhar et al. [21] - - - _
Elragal et al. [22] v Workshop demonstration  learners, instructors, and academic  Perceived feasibility, usability observations,
and qualitative feedback admins and collecting qualitative feedback
Allen et al. [27] v Questionnaires (surveys) 5 academic stakeholders + 5 M.Sc.  usability, confidence, extensibility, and rele-
holders vance
Fossati et al. [42] v Tests for learning assess- between 214 and 219 students Learning, satisfaction, and problem-solving
ments, surveys, and student behaviour
action records
Hobert [41] v Demonstrations, self assess- 40 students Usability, effectiveness, efficiency, and accep-
ments, programming tasks, tance among its intended users
questionnaires, and written
feedback
Michaud et al. [43] - - - _
Zhao et al. [32] - - Reading ability
Anderson et al. [24] v Complete a task: building 12 participants Usability, time, and efficiency of the system
a circuit using an Arduino
with specific time points
Aldeman et al. [33] - - - The accuracy of the model generated, the com-
prehensive ability of the extracted knowledge,
and the learning time
Zhao et al. [49] - - 15 learners The improvement in learners’ interviewing
skills after using the application
Chen et al. [57] v Questionnaires and semi- 16 professional designers, 50 con- Emotional expression, aesthetic quality, and
structured interviews sumers, and 4 expert reviewers novelty of designs, user ratings (match, trans-
parency, and ease of use), NASA-TLX sub-
scales (mental demand, effort, and frustration)
Sun et al. [25] v = 20-120 Learning activity participation, Interaction
level, resource utilisation quality of interac-
tion, efficiency, and student performance
Garcia et al. [54] v Questionnaires  (pre-test 14 students Pre-test and post-test scores, and improve-
and post-test), including ments in Al knowledge
Likert questions and open
questions
Drew et al. [30] - Interviews and observations 7 participants Learning gain (pre-/post-tests), problems
solved, feedback, satisfaction survey (Likert +
qualitative comments)
Lin et al. [53] - Pilot Study and user study 14 children The effective engagement of Zhorai and the
children’s understanding
Yuan et al. [31] v A combination of pre-tests, 15 students The usability and effectiveness of tools in vari-
post-tests, anonymous ques- ous computer network and information secu-
tionnaires, and surveys rity courses
Estevez et al. [51] v Questionnaires and open 37 students Understanding Al
questions
Carney et al. [52] - - - -
Atilola et al. [44] v Assessment and focus  70-100 regular students, 30-40 The effectiveness of Mechanix
groups honors students
Peternier et al. [34] - - - -
Imtiaz et al. [29] v Likert-scale questionnaire 45 students Interactivity, design, playfulness, ease of use,
usefulness, and intention to use
Dias et al. [35] = = = =
Peng et al. [58] v Structured observation of 12 professional designers Effectiveness of multimodal inputs in cap-
design tasks, think-aloud turing creative intentions, understanding the
protocol, semi-structured in- mapping between inputs and AI outputs,
terviews, likert-scale ques- sense of control and transparency over the cre-
tionnaires ative process, satisfaction and usability of the
system
Buchanan and Laviola Jr v Pre-test quizzes, surveys, 190 students (from an initial 267) Pre-test and quiz scores, Likert scale surveys,

[47]

and course exams

and comments
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Table Al. Cont.

Ref. Eval. Types Data Collection Methods Participants Metrics/Measures
Exp  Theo
Koch et al. [37] v Standardised measure- 16 professional designers The effectiveness and impact of an Al tool on
ments and semi-structured creative design
interviews
Villegas-Ch et al. [23] v Assessing children’s  Group of six children The progress and performance of children in
progress in learning num- learning numbers
bers
Konecki et al. [20] v Questionnaire 68 students Students’ programming motivation, intelli-
gent assistant’s impact on time investment,
assistant’s information retrieval efficiency, per-
ceived usefulness of assistant, preference for
the method, and improved programming un-
derstanding
Koch et al. [38] v Observation, interviews, 9 designers -
questionnaire  screening,
and audio recording
Rodriguez-Garcia et al. [55] v Multiple-choice questions 494 children knowledge improvement, perception of learn-
and pen questions ing ML, and changes in the perception of Al
Sermuga Pandian et al. [46] v ASQ questionnaire, semi- 10 designers ASQ scores (Q1-Q3)
structured interviews, think-
aloud protocol, and task
recording
Winkler et al. [50] v Assessing task outcomes, 63 participants Assess whether the Al tutor can improve task

ensuring collaboration qual-
ity, and analysing video
recordings

outcomes and collaboration quality compared
to human tutors in collaborative problem-
solving settings
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