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Abstract

Chatbots are making a strong entry into education, supporting both students and teachers. This study aims to deepen the
understanding of the educational use of chatbots in science education, including their advantages and limitations. A scoping
review of the articles published up to January 1, 2025, was conducted following PRISMA guidelines across the Web of Sci-
ence, Scopus, and ERIC databases, using search terms related to science education and chatbots. From an initial pool of 608
articles, 40 met all inclusion criteria. Most of the selected studies were exploratory (32.5%), with fewer intervention-based
designs. Chatbots in science education are promising tools but are still in their early stages, and this could explain the large
number of exploratory studies found. ChatGPT is the most studied and has demonstrated excellent linguistic capabilities but
needs to improve its scientific accuracy and analytical skills. Tutoring students is the most commonly found application of
chatbots. They also have the potential to support teachers by reducing their workload, although empirical data are needed to
confirm this. Integrating Artificial Intelligence literacy and critical thinking skills into curricula, alongside comprehensive
teacher professional development, is crucial for the effective and responsible use of chatbots in science education.
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Introduction

The emergence of certain technological advances has his-
torically generated great expectations, skepticism, and even
fears (De Bruyckere et al., 2015). Throughout history, there
are examples in the educational field, such as the advent of
the phonograph and later cinema, about which Thomas Alva
Edison predicted radical changes in teaching methods, even
replacing teachers (Kirschner & Hendrick, 2020). Will the
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same happen with Artificial Intelligence (AI)? This signifi-
cant technological advance threatens to revolutionize many
everyday aspects, including education.

In reality, Al has existed since the emergence of ELIZA
in the mid-twentieth century (Dahlkemper et al., 2023), but
it was thanks to the appearance of ChatGPT (Generative Pre-
trained Transformer) by the company OpenAl on November
30, 2022, that public opinion has begun to pay special atten-
tion (Bitzenbauer, 2023; Humphry & Fuller, 2023; Wang,
2023).

As part of the broader set of Al tools, chatbots prom-
ise to tackle several long-standing hurdles in science
teaching. First, their dialogic format can help surface and
confront students’ deeply rooted misconceptions, such as
those documented in physics and biology, by posing refu-
tational questions and offering targeted analogies (Holmes
et al., 2022; Labadze et al., 2023). Second, they can deliver
step-by-step formative feedback on multistage quantitative
problems, reducing the delay that typically accompanies
paper-based assignments, a critical need in mathemati-
cally dense topics like stoichiometry or kinematics (Park
& Martin, 2024). Third, by segmenting explanations and
regulating information flow in real time, chatbots can lower
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extraneous cognitive load in abstract domains where stu-
dents often struggle to link representations, precisely the
challenge highlighted by Ekici (2016) and Erinosho (2013)
for physics. Finally, teachers can redeploy the time saved
on routine grading or rubric design towards higher-order
instructional tasks, thereby addressing workload concerns
flagged in numerous STEM settings (Hwang & Chang, 2021;
Kuhail et al., 2023).

Despite these compelling affordances, several concerns
have also been raised regarding the use of chatbots, which
question their validity as educational tools. For instance,
some authors have warned that systems such as ChatGPT
may produce “hallucinations” (Feldman-Maggor et al.,
2025; Wang, 2023) and present incorrect information as
if it were true (Park & Martin, 2024). In addition, it has
been noted that these tools could exacerbate educational
inequalities by reproducing or even amplifying existing
biases (Avraamidou, 2024; Feldman-Maggor et al., 2025).
Furthermore, some studies question their effectiveness for
specific tasks, such as tutoring students (Dahlkemper et al.,
2023; Ding et al., 2023) or addressing numerical problems
(Sperling & Lincoln, 2024; Wan & Chen, 2024).

Regarding the systematic reviews on chatbots already
published, some were conducted before the emergence of
ChatGPT, such as those by Kuhail et al. (2023) and Hwang
and Chang (2021), while others explicitly excluded it due to
its novelty (Debets et al., 2025). Some reviews that included
ChatGPT considered only a small number of studies, such
as Park and Martin’s (2024) analysis of 14 articles. Moreo-
ver, some reviews also highlight the need to improve meth-
odological rigor in assessing how chatbots are evaluated for
their educational effectiveness (Debets et al., 2025). Finally,
several reviews addressing chatbots in science education also
included research from mathematics, health sciences, or
computer programming (Alneyadi & Wardat, 2023; Debets
et al., 2025), which may limit the transferability of their con-
clusions to science education in the disciplines of physics,
chemistry, biology, and geology.

Considering the above, this study aims to explore the
impact of Al tools, particularly chatbots, on science educa-
tion, focusing on the uses proposed for them in the litera-
ture. Additionally, the review seeks to analyze the benefits
and limitations of their use, in order to determine whether
they are consistently identified across studies or merely
highlighted by a few authors. Furthermore, the analysis
addresses the strengths and weaknesses of the included stud-
ies, to determine the degree of consolidation of this field of
research and to evaluate the extent to which the reported
findings can be generalized. In summary, the review syn-
thesizes current research on chatbots in science education,
mapping what is known and highlighting the gaps that must
be addressed before these tools can be deployed with con-
fidence at scale.
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Literature Review
Artificial Intelligence in Education (AIED)

The definition of Al is a subject of some controversy
(Sheikh et al., 2023). When applying Al to education,
Holmes et al. (2022) define the term AI&ED (Artificial
Intelligence and Education) as a generic term that encom-
passes all possible relationships between education and
Artificial Intelligence. They further divide AI&ED based
on its educational purpose: a) preparing for Al (a form of
Al literacy, focused on how to use AI) (Laupichler et al.,
2022), also known as the human dimension within Al lit-
eracy (Holmes et al., 2022); b) learning about Al (theoreti-
cal knowledge or curriculum content focused on what Al
is); ¢) learning with Al. Although the last two categories
may appear similar, they represent distinct dimensions
(Holmes, 2023; Holmes et al., 2022). Learning about Al
refers to developing students’ and teachers’ knowledge and
skills regarding how Al systems function (i.e., understand-
ing how to use them and their underlying principles). This
is also known as the technological dimension within Al
literacy. Learning with Al refers to employing Al-driven
tools in teaching and learning processes. In this case, the
tools serve as a means rather than an educational end in
themselves.

The focus of this study is on Learning with AI. This
term encompasses all its uses in the educational process,
such as supporting: a) administrative systems (enroll-
ment management, scholarships, schedules, etc.) (Holmes
et al., 2022); b) teachers (content creation, assessments,
class control, or workload reduction) (Chang et al., 2023;
Cooper, 2023); c) students (instant and individualized
instruction, 24/7, etc.) (Lin & Ye, 2023).

Although numerous benefits of Al in education have
been highlighted, such as its potential to transform educa-
tional practices or reduce teachers’ workload (Bitzenbauer,
2023; Deveci-Topal et al., 2021), there is also a more pes-
simistic view that predicts certain dangers in its imple-
mentation, such as the risk that AI may reduce teachers to
mere student monitors (Holmes & Tuomi, 2022). However,
many authors remain skeptical of this claim, arguing that
without the guidance of the teacher, students are unable to
achieve the benefits of learning (Chiu et al., 2023; Hum-
phry & Fuller, 2023; Labadze et al., 2023).

In this regard, although many Al tools are presented as
resources that guide students (Chang et al., 2023; Kiling,
2023), and there might be a temptation to use them with-
out teachers’ guidance, the results could primarily benefit
students with a high level of prior knowledge and harm
beginners or those with intermediate knowledge levels,
who greatly benefit from guided instruction (Chiu et al.,
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2023; Dahlkemper et al., 2023; De Bruyckere et al.,
2015). The reality is that Al applications lack the depth
and capacity of a human being (Holmes & Tuomi, 2022;
Labadze et al., 2023), especially in higher-order skills such
as metacognition (Bitzenbauer, 2023; Dahlkemper et al.,
2023; Wang, 2023).

Due to the novelty of Al, there are currently exaggera-
tions about its uses and capabilities (Holmes et al., 2022). In
this regard, like all technological advances, it can pose risks
and challenges (Miao et al., 2021). Nevertheless, some Al
tools have already achieved significant milestones, and their
use has expanded to ordinary people, such as Automatic
Writing Evaluation, which provides feedback on written
content submitted to the system; chatbots, which automati-
cally answer human questions; dialogue-based tutoring sys-
tems, which engage students in conversations about specific
topics; machine learning, which uses algorithms to analyze
big data, identify patterns, and make inferences to learn
(Holmes et al., 2022). Among these tools, chatbots occupy
a unique position: they can engage learners in natural-
language dialogue, give just-in-time explanations, and, in
principle, emulate aspects of one-to-one tutoring. For that
reason, the remainder of this review narrows its scope to
empirical studies on chatbots in science education, examin-
ing both their reported benefits and their current limitations.

Chatbots in Education

One of the AI tools that is having a significant impact on
education is chatbots (Cooper, 2023). Chatbots are designed
to automatically respond to messages through the processing
of natural language (NLP), from vast amounts of data (Hol-
mes & Tuomi, 2022), to build models based on statistical
inferences (Gregorcic & Pendrill, 2023). And although there
have been examples of these tools since the mid-twentieth
century (Dahlkemper et al., 2023), it is with the appear-
ance of ChatGPT that their usage has become widespread.
It is free, easy to use, and provides high-quality responses,
even in highly specialized fields (Dahlkemper et al., 2023),
allowing for meaningful conversations (Gregorcic & Pen-
drill, 2023).

The use of chatbots has increasingly expanded in educa-
tional contexts to support teachers (Bitzenbauer, 2023; Li
et al., 2024), monitor the teaching—learning process (Chang
et al., 2023; Lin & Ye, 2023), or create educational materi-
als (Almasri, 2024; Park & Martin, 2024), saving teachers
time (Labadze et al., 2023). It has also shown effectiveness
in supporting students by providing instant and continuous
guidance (24/7) (Alneyadi & Wardat, 2023; Vasconcelos &
dos Santos, 2023), motivating students (Lee et al., 2023; Lin
& Ye, 2023), or developing diverse skills (Labadze et al.,
2023), among others.

Despite these affordances, several challenges and limita-
tions have also been pointed out regarding the use of chat-
bots in educational settings. For example, some authors have
argued that the learning benefits attributed to chatbots may
be due to the “novelty effect,” with students’ interest fading
over time (Kuhail et al., 2023). Another issue commonly
associated with the use of chatbots is teachers’ fear that
students might attempt to deceive them by presenting out-
puts from chatbots as their own work (Wang, 2023). Some
authors have also pointed out ethical issues related to the
use of Al tools (Almasri, 2024). For example, Avraamidou
(2024) argues that Al can dehumanize learning by standard-
izing it and promoting instant learning rather than a more
reflective approach based on social relationships.

In the specific case of ChatGPT, issues have also been
identified. ChatGPT can generate a wide variety of responses
due to the data it has been trained on (worldwide internet
data up to 2021), which can include all sorts of errors and
inaccuracies. GPT-3.5 sometimes provides false information
as if it were true (Dahlkemper et al., 2023), creating an illu-
sion of understanding (Park & Martin, 2024). For instance,
when asked physics questions, it does not acknowledge its
limitations in knowledge (Gregorcic & Pendrill, 2023), and
answers with great confidence. For these and other reasons,
several authors emphasize the importance of providing
specific training for both teachers and students in order to
respond effectively to the challenges associated with these
tools (Almasri, 2024; Labadze et al., 2023; Park & Martin,
2024).

Considering both their advantages and limitations, and
given that the emergence of ChatGPT has attracted most
of the public’s attention, it is important to note that a vari-
ety of other chatbot types exist. Therefore, it may be useful
to provide a classification that accounts for these different
types. In the review by Debets et al. (2025), which analyzed
studies published up to October 2023 (excluding those based
on ChatGPT due to the lack of consolidated empirical evi-
dence at that time), a classification into four categories was
proposed, based on a previous typology by Agarwal and
Wadhwa (2020):

a) Rule-based chatbots (R-BC), which use predefined
responses based on pattern matching or rigid dialog
structures, such as those created using AIML technol-
ogy.

b) Al-based chatbots (AI-BC), which use machine learn-
ing techniques, language models, neural networks, or
reinforcement learning, among others. They analyze
large amounts of data, identifying patterns to generate
responses. One commonly used architecture is the trans-
former.

¢) Hybrid chatbots (H-BC), which combine techniques
from the two previous categories (Al or rule-based).
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d) Platform-based chatbots (P-BC), which also use one of
the two previous technologies but are developed through
creation platforms or tools such as DialogFlow. When
the technology used was not clearly specified by the
authors, Debets et al. (2025) classified them into this
category. These were the most common in their review
(59%), possibly because they required less programming
knowledge, making them accessible to teachers without
a technical background (Kuhail et al., 2023).

Whichever type of chatbot is used for educational pur-
poses, it should be adapted to the specific context in which it
is to be applied (Almasri, 2024), since the lack of a theoreti-
cal basis in selecting the type of chatbot may limit the learn-
ing outcomes achieved (Debets et al., 2025). Banihashem
and Macfadyen (2021) argued that designing educational
tools with a solid theoretical foundation could have several
important functions, such as supporting the selection and
development of the tool, guiding its use, interpreting the
resulting learning outcomes, and preventing technological
determinism.

In this regard, Zhang et al. (2024), in their review, sug-
gest that chatbot-assisted learning can be grounded in up to
eight theoretical frameworks, such as constructivist theories,
situated/contextualized learning theories, cognitive theories
of multimedia learning, self-regulated learning theories, out-
put hypotheses, flow theory, collaborative learning theories,
and motivation theories. In addition, other concepts that
may support this type of learning include scaffolding, as
chatbots could offer expert temporary support aligned with
each learner’s pace (Wood et al., 1976). Also, the cognitive
load theory (Sweller et al., 1998), already named in Debets’
(2025) review, offers a useful framework to understand how
chatbots might reduce the burden on working memory,
for example, through step-by-step clarifications or worked
examples in areas where students face the greatest difficul-
ties (Paas & Van Merriénboer, 1994). We may also refer to
Vygotsky’s concept of the zone of proximal development
(ZPD), as chatbots have the potential to support learning by
identifying what students already know and offering appro-
priately challenging content just beyond their current level
of understanding. In their review, Debets et al. (2025) found
that although some chatbot interventions were effective even
without a theoretical foundation, all those that were inef-
fective lacked a solid theoretical basis. This suggests that
grounding educational chatbots in theory can significantly
improve their design and implementation.

Chatbots Applied to Science Education
Although the benefits of implementing technology in sci-

ence education had already been highlighted by other
authors (Cajas, 2001; Deveci-Topal et al., 2021; Linn, 2003),
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previous reviews showed that the use of chatbots was not as
widespread in scientific disciplines as in language learning
(Hwang & Chang, 2021; Zhang et al., 2024) or computer
science education (Kuhail et al., 2023). Some authors argued
that there were still few studies specifically focused on chat-
bots in science education or STEM contexts (Cooper, 2023),
and even fewer that included empirical findings (Deveci-
Topal et al., 2021). This limited implementation of chatbots
in science education may have been related to some chal-
lenges. Hwang and Chang (2023) suggested that it could be
more difficult to integrate chatbots into subjects that required
strong skills in calculation or problem-solving, such as math-
ematics and science. Other authors have also pointed out the
potential issues chatbots face when dealing with complex
concepts (Gregorcic & Pendrill, 2023; Sperling & Lincoln,
2024; Wang, 2023).

For example, the review by Park and Martin (2024),
which covered studies published between January and Sep-
tember 2023 on ChatGPT and science education (earth sci-
ences, physics, chemistry, and biology), found that Chat-
GPT performed poorly in mathematics tasks and in the
understanding of scientific concepts, standing out mainly in
writing-related activities. However, they believed this limita-
tion could become an opportunity, enabling students to learn
from ChatGPT’s mistakes and thus develop critical thinking
skills. Their review identified 14 articles in which ChatGPT
had been applied mostly in higher education (64%), in case
study designs (71%), and mainly in physics (50%) and chem-
istry (36%).

Similar results were reported by Almasri (2024), who
conducted a review covering studies published from 2014
to November 2023, using search terms related to Al and
science education (also including computer science, math-
ematics, and engineering). He found 74 relevant articles,
most of which were focused on the university level (48%),
and on subjects such as general science (20%) and phys-
ics (14%). Almasri (2024) concluded that although Al tools
could support the understanding of complex scientific top-
ics, the development of problem-solving skills, and foster
motivation and interest in science, these tools also showed
limitations in dealing with some content areas and adapting
to specific educational contexts.

Moreover, while some of the limitations of incorpo-
rating chatbots into science education have already been
noted, recent authors have identified a potential shift since
2021, with a growing number of chatbots being developed
for STEM disciplines (Debets et al., 2025; Hwang and
Chang 2023; Park & Martin, 2024). This trend may have
been accelerated by the disruptive emergence of ChatGPT,
which has significantly influenced current educational prac-
tices. However, this impact is not yet fully captured by prior
reviews, as many of them concluded their searches by late
2023 or, as in the case of the review by Debets et al. (2025),
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pointed to ChatGPT merely as a potential direction for future
research.

Chatbots offer clear potential to address some of the
unique challenges in science education, such as personal-
ized tutoring (Kiling, 2023) or support in improving subject
comprehension and increasing student motivation (Almasri,
2024). These tools can reduce cognitive load by providing
scaffolding, rephrasing, or revisiting misunderstood content,
adapting to individual learning paces, and even engaging
in Socratic dialogue (Gregorcic & Pendrill, 2023). Fur-
thermore, some of the numerical inaccuracies observed in
earlier versions of chatbots (Ding et al., 2023; Sperling &
Lincoln, 2024) appear to be improving with newer models
(Bewersdorff et al., 2023; Ramkorun, 2024; Tassoti, 2024).
Taken together, these aspects suggest that chatbots may be
a promising tool for science education.

Additionally, some authors have also examined the use
of chatbots within established theoretical frameworks. For
example, Peikos and Stavrou (2025) showed that Shulman’s
(1986) framework of Pedagogical Content Knowledge
(PCK) and its subsequent developments can serve as a basis
for analyzing how teachers guide, evaluate, and refine Chat-
GPT outputs in science lesson planning, always under the
teacher’s critical supervision. Feldman-Maggor et al. (2025)
employed the technological PCK (TPACK) framework to
analyze how technological, pedagogical, and disciplinary
knowledge interact when integrating generative Al in sci-
ence classrooms. For these authors, responsible use of Chat-
GPT in chemistry education is essential, both in the formula-
tion of prompts and in the evaluation of chatbot responses,
where teachers’ disciplinary and pedagogical expertise
remains indispensable. At the same time, they argue that
new teacher competencies are required when working with
chatbots such as ChatGPT, since the traditional TPACK
model may not be sufficient for their effective implementa-
tion in Al-based educational tools. Both authors consider it
essential to attend to these educational frameworks when
interacting with chatbots to achieve effective educational
outcomes.

Furthermore, some authors think that technological
advances like Al are unstoppable, and there is no choice but
to implement them in the classroom (Chang et al., 2023).
Considering the close relationship between Science and
Technology and the overwhelming irruption of Al in the
educational sphere, it could be interesting to provide an
overview of the existing literature. This review could help
inform educational practice and policy, as well as identify
areas that require further research or intervention.

Therefore, it is necessary to pose the following research
questions (RQ):

RQ1: What is the educational use of chatbots in science
education?

RQ2: What educational benefits and limitations are
reported when chatbots are used in science education?
RQ3: What methodological strengths and weaknesses do
the included studies exhibit?

Method

A Scoping Review was conducted following the methodo-
logical principles of PRISMA (Preferred Reporting Items for
Systematic reviews and Meta-Analyses) 2020 (Page et al.,
2021). The scoping review is particularly valuable when the
topic has not been extensively reviewed before, as in the
present case. Scoping reviews “aim to provide an overview
or map of the evidence” (Munn et al., 2018, p. 3).

Search Strategies

To conduct the search, the following terms were used, sepa-
rated by Boolean operators AND and OR: (“Science Educa-
tion” OR “Science Teaching” OR “Science Instruction” OR
“Physics teaching” OR “Chemistry teaching” OR “Biology
teaching” OR “Geology teaching” OR “Physics education”
OR “Chemistry education” OR “Biology education” OR
“Geology education” OR “STEM” OR “STEAM”) AND
(“Chatbot” OR “ChatGPT”). The same Boolean string was
used in all databases.

To search for articles in the field of science education, it
was decided to include search terms related to the four sub-
jects that commonly constitute this field: physics, chemistry,
biology, and geology. To further broaden the search range, it
was also decided to include STEM and STEAM.

To select eligible articles, the following admission crite-
ria were also established: 1) all selected articles had to be
peer-reviewed but not systematic reviews; 2) they had to be
written in English or Spanish; 3) they must have proposed
some use for chatbots applied to science education; 4) they
had to be retrieved from the Web of Science, Scopus, or
ERIC databases without an initial time limit, and up to Janu-
ary 1, 2025. The article screening process, as well as the
articles excluded for each of these reasons, is documented
in Fig. 1.

Studies Included in the Scoping Review

A total of 608 articles were found, with 190 in the Web
of Science database, 256 in ERIC, and 162 in Scopus. In
a first step, an automatic screening of duplicates was car-
ried out using Zotero software, followed by a human review
using Microsoft Excel as a management tool. Figure 1 out-
lines and summarizes the entire process. Two researchers
were responsible for screening all articles. Inter-reviewer
agreement on study inclusion was assessed using Cohen’s
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Fig. 1 Flowchart. Source:
PRISMA

Records identified from:
Databases (n = 608):
WOS (n=190)
ERIC (n=256)
SCOPUS (n=162)

Records removed before
screening:

Duplicate records removed (n =
128)

'

Records screened
(n=480)

Records excluded
(n=0)

A

(n = 480)

Reports sought for retrieval

Reports not retrieved
(n=0)

A4

(n = 480)

Reports assessed for eligibility

Reports excluded: (n = 440)
Reason 1. All selected articles had to
be peer-reviewed but not systematic

reviews or meta analysis.
Reason 2. Articles had to be written

(n=40)

Studies included in review

in English or Spanish.

Reason 3. Articles must have
proposed some use of chatbots
applied to science education.

kappa coefficient, which yielded a value of 0.91 (» <0.001),
indicating a high level of agreement. Discrepancies were
resolved through discussion with a third researcher, who
confirmed the final selection of studies, which resulted in
full agreement among all reviewers. In total, 40 papers were
included in the final analysis.

In our review, in order to retrieve the highest possible
number of articles related to science education and chatbots,
the keywords used for the search were intentionally broad.
This approach allowed us to include a wide range of stud-
ies, which were later screened manually to exclude those
that did not meet the inclusion criteria. For example, the
search term “science education” yielded many articles from
fields such as “‘computer science education” or “healthcare,”
which were not eligible for inclusion in this review. This
may explain why many articles were left out. For instance,
in the review by Debets et al. (2025), most of the articles
found (25%) belonged to these two disciplines.

Finally, since its release, ChatGPT has gained massive
popularity (Labadze et al., 2023), thus it would have been
reasonable to expect a larger number of chatbot-related
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studies to appear in our review as well. However, many of
these publications turned out to be dissertations or papers
evaluating ChatGPT’s performance in specific disciplines,
such as passing exams (Fergus et al., 2023; Revalde et al.,
2025).

Literature Characterization and Data Coding

In order to address the first RQ, the selected papers were first
characterized: an ad hoc table was created with the follow-
ing data extracted from the included studies: (1) reference
(authors and year of publication); (2) study design (explora-
tory [E]; intervention [I]; or case studies [C]); (3) country
in which the study data were collected; (4) subject (sci-
ence subject or STEM); (5) type of chatbot (own (a custom
chatbot based on rule-based systems or one built on a large
language model (LLM) different from ChatGPT); GPT-3.0
(ChatGPT); GPT-3.5; GPT-3.5 Turbo; GPT-4; or when the
authors of the article did not specify the exact version used
in their study, it was coded as GPT without version); (6) edu-
cational stage (primary; secondary; university); (7) output
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variable (the variable reported by the authors in their studies,
such as teachers’ or students’ opinions, students’ academic
performance, among others).

Secondly, to complete the response to RQ1, researchers
determined the target group (teachers, preservice teachers, or
students), their contributions to the science education field,
and the main result of their application. A tree diagram was
created for this purpose.

Finally, to address the second RQ, the main benefits
and limitations of using chatbots in science education, as
reported in the results of the included studies, were com-
piled. This process followed an inductive approach, as no
predefined categories were established (Bryman, 2016). Two
researchers independently conducted an in-depth reading of
all the papers and identified the most representative catego-
ries through an iterative process (Biasutti, 2015). This induc-
tive approach was based on the principles of significance
and recurrence (Cebrian et al., 2022). Subsequently, the cat-
egories were cross-checked, reaching agreements for their
standardization, and those appearing in at least three articles
were selected. Following Ojala’s (2021) recommendation,
selected quotes are presented to illustrate the meaning and
content of each category. For instance, one category was
“students’ motivation,” exemplified by the following quotes:
a) “..., our Al system aims to enhance student engagement
and motivation, fostering a positive learning environment
...” (Bewersdorff et al., 2023, p. 8); b) “..., which tends to
increase students’ learning motivation.” (Liang et al., 2023,
p. 14); ¢) “..., chatbots are an effective way to motivate stu-
dents to learn, ...” (Lin & Ye, 2023, p. 279).

Another emergent category was “reduction of teachers’
workload,” illustrated by a) “The GPA serves as an assis-
tant to help instructors organize the entire learning process,
thereby reducing their burden and pressure” (Wei et al.,
2024); b) “The findings emphasized the benefits of Chat-
GPT in developing an implementable course plan, delivering
adaptable information, and time-saving” (Okulu & Muslu,
2024, p. 7450); ¢) “Al can eliminate the need to write basic
physics problems from scratch, allowing instructors to shift
their time and attention to more creative endeavors and stu-
dent support” (Sperling & Lincoln, 2024, p. 314).

After this inductive process, the categories determined
were a) benefits: (1) potential for improving learning, (2)
reduction of teachers’ workload, (3) students’ motivation,
(4) high linguistic quality in writing, (5) personal tutor, (6)
24/7 support, (7) support for teachers in one-on-one tutoring,
(8) learning monitoring; b) limitations: (1) general and even
erroneous information, (2) require critical thinking, (3) not
replace human teachers, (4) answers of GPT need refine-
ment, (5) requires topic-specific knowledge, (6) issues with
information sources/authorship rights, (7) technical issues,
(8) ongoing updating of teachers, (9) issues with numerical
analysis.

Analysis of Strengths and Weaknesses
of the Included Studies

To complement this review and to address the third RQ,
an assessment of the quality of the included studies was
conducted through an analysis of their main strengths and
weaknesses. The process was inspired by common proce-
dures used in systematic reviews within the field of Health
Sciences, where the risk of bias is typically assessed using
standardized tools such as the “Quality Assessment Tool for
Observational Cohort and Cross-Sectional Studies” from
the United States National Institutes of Health (NIH, 2022).
These tools generally evaluate the quality of the studies
across various domains and categorize them as “good” if
most criteria are met and the risk of bias is low, “fair” if
some criteria are met and the risk of bias is moderate, or
“poor” if few criteria are met and the risk of bias is high.

Given that this review is situated within the field of edu-
cation, many of the categories included in the NIH tool were
not directly applicable. Nevertheless, a simplified quality
assessment was conducted to provide readers with an over-
view of the methodological rigor of the included studies. In
the case of exploratory studies, the evaluation criteria were
adjusted to account for the specific dynamics of chatbot-
based interactions. For instance, ChatGPT (and similar Al-
based chatbots) may not produce identical responses to the
same prompt, as noted by Dahlkemper et al. (2023).

For studies that involved interventions or case studies, the
following aspects were considered: random sample, presence
of a control group, sample characterization, pre- and post-
test design, sample size, duration of the intervention, and the
source of outcome measures. For exploratory studies, the
variables identified were: definition of objective or research
question; the research questions were investigated through
authors’ opinions, experts, or rubrics/evaluation standards;
total/partial answers were offered to the conversation with
the chatbot; if several attempts were carried out on the same
prompt, and if they offered a percentage of success/error,
and if the studies clearly acknowledged their methodologi-
cal limitations.

Results
General Aspects of the Research (RQ1)

Table 1 summarizes the main general aspects of the papers
analyzed. Regarding the country of origin, there is no clear
trend, with a diversity of nationalities. However, many arti-
cles have been published in China and the USA. As can
also be observed in Fig. 2, concerning subjects, physics is
the most analyzed. In terms of educational stage, secondary
education is the most researched, and ChatGPT is the most
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Table 1 General aspects of the research included in the review

ID Study Design' Country  Subject Type of chatbot Educational stage Output variable?
1 Cooper, 2023 E Australia  Sciences GPT N.s.3 Op author
2 Wang, 2023 E Australia Microbiology GPT-3.5 University Op author
3 Deveci-Topal et al., 2021 I Turkey Physics DialogFlow (Google) Secondary Academic performance and
op students
4 Dahlkemper et al., 2023 C Germany Physics GPT-3.5 University Linguistic and scientific
quality scores
5  Gregorcic & Pendrill, E Sweden  Physics GPT N.S Op authors
2023
6 Chang etal., 2023 C Korea Sciences Inquirybot (RBC® and Primary Op teachers and students
NLP®) and usage statics
Humphry & Fuller, 2023 E USA Chemistry GPT N.S Op authors
Lin & Ye, 2023 1 Taiwan  Biology Own (LINE) Secondary Academic performance
Bitzenbauer, 2023 C Germany Physics GPT-3 Secondary Op author and students
10 Liang et al., 2023 E China Physics GPT-3 N.S Op authors
11 Kiling, 2023 E Turkey Chemistry GPT-4 N.S Op author
12 Bewersdorffet al., 2023 E Germany Biology GPT-3.5-4 Secondary Op authors
13 Nguyen, 2023 1 USA Sciences Kibot (RBC’ and NLP®)  Secondary Students’ systems thinking
14 Dinget al., 2023 C USA Physics GPT-3 University ChatGPT’s accuracy and
students’ trust in Chat-
GPT
15 Lietal., 2024 1 China STEM GPT University (p.s.“) Critical thinking, academic
performance and cogni-
tive load
16 Kiichemannetal., 2023 I Germany Physics GPT-3.5 University (p.s.) Linguistic and scientific
quality scores
17 Alneyadi & Wardat, 2023 1 UAE Physics GPT Secondary Academic performance and
op students
18 Leeetal., 2023 I Korea Physics Danbee.Ai (RBC?) Primary Academic performance and
op students
19 Vasconcelos & dos San- E Brazil STEM GPT-4 Secondary Op authors
tos, 2023
20 Latif & Zhai, 2023 E Greece Sciences GPT-3.5 Turbo Secondary BERT and ChatGPT’s
accuracy
21 Alan & Yurt, 2024 E Turkey Physics GPT-3.5 Secondary Op author
22 Chen & Chang, 2024 I Taiwan  Physics GPT-3.5 Turbo Secondary Academic performance and
op students
23 Cheung et al., 2024 1 China Sciences ChatGPT Secondary Academic performance and
op students
24 Duy et al., 2024 1 Vietnam  Physics Messnow (RBC) Secondary Academic performance and
op students
25 Giildal & Dinger, 2024 C Turkey Physics Hermes (RBC%) University Op students
26 Guo & Lee, 2023 C USA Chemistry GPT University Academic performance and
op students
27 Huang et al., 2024 1 China Chemistry Sider (GPT-3.5 Turbo) University (p.s.*) Academic performance and
op students
28 Ngetal., 2024 1 China Physics Nemobot (RBC?) and Secondary Academic performance and
SRLbot (ChatGPT) op students
29 Ramkorun, 2024 E USA Physics GPT-3.5 University Op author
30 Ruffetal., 2024 C USA Chemistry GPT-3.5 University Critical thinking and op
students
31 Sperling & Lincoln, 2024 E USA Physics GPT (4.0), Almanack and Secondary Op author
Flint (LLMs)
32 Tassoti, 2024 C Austria  Chemistry GPT-3.5 University Op students
33 Ugras & Ugras, 2024 C Turkey STEM GPT University (p.s.*) Op teachers
@ Springer
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Table 1 (continued)

1

ID Study Design’ Country  Subject Type of chatbot Educational stage Output variable?

34 Wan & Chen, 2024 C USA Physics GPT-3.5 turbo University Op students and experts

35 Yinetal., 2024a I China Biology RBC? (Flow.ai) University Op students

36 Yinetal., 2024b I China Biology RBC? (Flow.ai) University Academic performance and
op students

37 Okulu & Muslu, 2024 E Turkey Sciences GPT-3.5 University (p.s.¥) Op authors

38 Lee & Zhai, 2024 C Korea STEM ChatGPT University (p.s.¥) Op teachers

39 Weietal, 2024 I China Sciences Dong Dong (GPA”) Secondary Academic performance and
op students

40 Archilaet al., 2024 I Colombia Biology ChatGPT University Critical thinking and op

students

1 E, exploratory; I, intervention; C, case study. 2 Op, opinion. 3 No sample. 4 Preservice teachers. 5 Rule-based chatbot. 6 Natural language pro-

cessing. 7 Generative artificial intelligence pedagogical agent

Fig.2 Distribution of articles Physics @ Sciences
by subject (1a) and education @ Biology @ STEM
stage (1b) 10 %

18 %

used chatbot (30/40) in the reviewed articles. Moreover,
most articles are, as expected, very recent and have been
published in 2023 and 2024. Finally, many of the articles
found are intervention articles (16/40), followed by explora-
tory studies (13/40), and case studies (11/40).

Uses of Chatbots (RQ1)

Most research investigates the chatbots’ use by students,
although in some cases, authors suggest various uses within
the same article. Moreover, the majority use of chatbots is as
a tutor. The reported results by the authors vary, with some
being useful and others disappointing, or considering that
chatbots, up to now, are not effective tools.

Figure 3 shows the main uses of chatbots according to
the target group, and the number of studies in each group is
indicated in square brackets. The bullet points are the main
highlights from study results when using the chatbot for edu-
cational purposes (the number of the study is identified in
brackets).

As can be seen in Fig. 3, although many authors point
out challenges in using chatbots for educational purposes,
several recognize their potential to enhance education,

- 1
15% —
15%

-]

@ Chemistry @ Primary @ Secondary @ University

6 %

—43 %
51 % — 43 9%

especially in three key areas: creating resources for teachers,
tutoring or conducting activities for students, and learning
from mistakes.

Benefits and Limitations of Chatbots in Education

(RQ2)

As can be observed in Fig. 4 (Appendix 1 contains a detailed
table with all the categories identified), authors mostly agree
that chatbots have the potential to enhance learning (35/40),
since, for example, students can ask them to solve specific
doubts, and provide contextualized examples, etc. This
fact is related to their capacity as a personal tutor (24/40).
Another important benefit is their ability to reduce teachers’
workload (15/40), as they can assist in creating materials
such as rubrics, teaching units, or assessments.

One of the most significant limitations identified is that
many authors emphasize the importance of critical think-
ing (19/40) when using chatbots. This highlights that these
tools may not be suitable for students who lack prior under-
standing of the subject. This observation aligns with findings
indicating that ChatGPT may provide answers with incorrect
or overly general information (20/40). All of this aligns with
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Fig.3 Uses of chatbots accord-
ing to user groups

Creation of resources

refinement) (1, 31)
* Have potential (11, 21, 23, 29)

* Have potential (12, 20, 34)

content (31, 34)

TEACHERS [9/46]

* Materials are first draft (needing

Conduct assessments (4/9)

¢ |ssues with difficult or numerical

WHAT CAN CHATBOTS BE USED FOR?

PRE-SERVICE TEACHERS [8/46]

(6/9)

Creation of resources (4/8)

* No significant differences in performance (16)
* Have potential (33, 37, 38)

¢ No significant differences in performance (15)
* Improve performance (27)

Learning from mistakes (2/8)

¢ Not working: frustration (5)
¢ Have potential (4)

Creation of
resources
(4/29)

e Works are first draft
(needing
refinement) (2, 7, .
30)

¢ |ssues with difficult
or numerical
content (29)

36)

(10)

Have potential (3, 11, 19, 21, 25, 32, 39)
No significant differences in performance (3)
L |mpr0Ve performar‘lce (8, 17, 18, 22, 24, 28, e Have potential: |mpr0ve

Simplify statements and provide scaffolding

Facilitate participation (6, 13)
Don't work: many mistakes (4, 5, 14)
Issues with difficult or numerical content (32)

STUDENTS [29/46

Activities.
Learning from
mistakes (5/29)

Critical Thinking (4, 9, 26,
29, 40)

the most frequently mentioned limitation in the articles: the
fact that it does not replace human teachers (21/40).

Strengths and Weaknesses of the Included Studies
(RQ3)

Tables 2 and 3 outline the characteristics of interventions
and case studies, respectively. In general, the samples were
small (only 6 out of 40 had a sample larger than 100 sub-
jects), and the duration of interventions seems short. It is
also noteworthy that many of these types of studies only
gather opinions, not empirical data. Additionally, only three
fully characterize the sample with data, such as whether they
have support at home with science tasks or the education
level of the parents.

Continuing with exploratory studies (Table 4), most of
them use ChatGPT, relegating other chatbots to intervention
or case studies. It is noteworthy that the majority evaluate
responses through mere authors’ opinions, and only three
included experts for analysis. It is also noticeable that no
study explicitly outlines criteria or standards in advance to

@ Springer

evaluate ChatGPT’s outputs. Only two studies make multiple
attempts at the same questions to analyze the variability of
ChatGPT answers.

Discussion

This review set out to examine the emerging role of chatbots
in science education. It analyzed how chatbots are being
used in educational contexts, what benefits and limita-
tions are reported across studies, and what methodological
strengths and weaknesses characterize the current body of
research. In doing so, the study aimed to synthesize early
empirical evidence, determine the degree of consolidation
of this field, and identify gaps that must be addressed before
these tools can be confidently implemented at scale.
Research involving the use of chatbots in educational
practice for science education is very recent and predomi-
nantly employs ChatGPT. In this regard, its popularity
among the public has also been noted by other authors such
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Main Benefits and Limitations of Chatbots Found in the Articles

Potential for improving learning.

Reduction of teachers’ workload.

Students’ motivation.

High linguistic quality in writing.

Personal tutor.

24/7 Support.

Support to teachers in one-on-one tutoring.

Learning monitoring.

Benefits

General and even erroneous information.

Categories

Require Critical Thinking.

Not replace human teachers.

Answers of GPT need refinement.

Require topic-specific knowledge.

Issues with information sources/ authorship rights.
Technical issues.

Teachers require ongoing updating.

Issues with numerical analysis.

Limitations

10 15 20 25 30 35

Frequency

Fig.4 Main benefits and limitations of chatbots identified in the reviewed articles

as Dahlkemper et al. (2023), Kiling (2023), and Liang et al.
(2023).

Perhaps the reasons for this growth are motivated by some
of ChatGPT’s features: (1) the free availability of some of
its versions (Humphry & Fuller, 2023); in fact, in this study,
the majority of the investigations used the free version; (2)
its accessibility (Liang et al., 2023), easy installation, and
customization, even for non-expert users; (3) ease of use,
very similar to other widely used instant messaging applica-
tions. However, the fact that information input is in a writ-
ten chat format poses a limitation for some authors (Wang,
2023). Nevertheless, the incorporation of voice facilities in
the latest versions could address these issues. Additionally,
(4) it can be used in a broad range of fields, even for daily
life (Chang et al., 2023; Dahlkemper et al., 2023), increasing
its usefulness.

It is striking that a considerable amount of research has
investigated the use of chatbots in physics (Fig. 2), which
is consistent with the findings reported in the reviews by
Debets et al. (2025) and Park and Martin (2024). This could
be attributed to the fact that students often perceive phys-
ics as the most challenging subject during their high school
years, due to the prevalence of abstract concepts and the
complex numerical calculations that hinder their learn-
ing (Ekici, 2016; Erinosho, 2013). The increased attention
directed towards Physics may stem from educators’ and
researchers’ desire to make the subject more engaging and
accessible for students through the integration of chatbots.

However, the results obtained reveal a controversy sur-
rounding the effectiveness of chatbots in physics educa-
tion, particularly in explaining complex phenomena and
supporting numerical calculations. On the one hand,
Alneyadi and Wardat (2023) and Chen and Chang (2024)
found that using chatbots as tutors leads to improved aca-
demic performance among students. Similarly, Vascon-
celos and dos Santos (2023) consider ChatGPT-4 to be
an effective tutor capable of elucidating difficult physics
concepts. On the other hand, in Kiichemann et al. (2023)’s
experience, students who did not use ChatGPT achieved
higher-quality results. Moreover, Gregorcic and Pendrill
(2023) deem ChatGPT to be inadequate as a tutor for
problem-solving. Ding et al. (2023) and Ramkorun (2024)
found that chatbots may encounter challenges with the sci-
entific accuracy of their responses, which could lead to
conceptual errors. Furthermore, Liang et al. (2023) and
Sperling and Lincoln (2024) confirm that GPT sometimes
struggles with complex arithmetic operations.

Similar difficulties have also been encountered in other
disciplines, such as Chemistry. Kiling (2023) identifies
numerical issues with ChatGPT, while Humphry and Fuller
(2023) question its efficacy in this regard, and Tassoti (2024)
highlights the need for a critical evaluation of chemistry-
related answers generated by ChatGPT. Despite the pre-
dominant use of ChatGPT due to its advantages, criticism
regarding the quality of its responses on specific scientific
content persists (Cooper, 2023; Wei et al., 2024).
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Table 3 Parameters of case studies

ID of study 4 6 14 25 26 30 32 33 34 38
1. Random sample
2. Has a control group
3. Characterizing the sample in advance X X
(socioeconomic level, mother’s education
level, etc.)
4. Carry out pre/post-test X X
5. Sample size 102 18 40 2229 13 23 43 8 29
6. Intervention length! 20min 3X40min 90min 16w 3w 1s nn 8sx90min nn nn 4sx2h
7. Type of outcome? Op Op Op Op Op;Th Op Op Op Op Op

n.n., It is not necessary. 1 H, hours; w, weeks; s, sessions; min, minutes. 2 Rto, academic performance; Op, opinions; Th, students’ systems think-

ing

A possible explanation for these disparities may lie in the
different language model versions employed in the studies.
Newer models have greatly improved their ability to solve
numerical problems and perform advanced reasoning, even
in free versions. This point was also raised by Vasconcelos
and dos Santos (2023), who suggested that several of the
limitations identified could be resolved with the newer ver-
sions of ChatGPT.

Nevertheless, it is also relevant to consider the context
from which ChatGPT is evaluated. Some studies analyze
its potential as a tutor through tasks designed by teachers
or expert researchers, with high expectations regarding the
accuracy and depth of the responses generated. In contrast,
other works observe its direct use by students in real learning
contexts, where expectations may differ. Moreover, prompts
developed by specialists tend to be more complex and struc-
tured than those an average student might formulate, which
can influence the chatbot’s performance and the perception
of its usefulness. This methodological heterogeneity hinders
direct comparison and underscores the need for research that
clarifies when ChatGPT can effectively tutor in abstract dis-
ciplines like physics.

In contrast to physics or chemistry, where issues have
been identified, it is thought-provoking to note the absence
of studies concerning geology. This trend aligns with its his-
torical underrepresentation within scientific research in the
educational field (Sagkes, 2015), a concerning pattern that
may hinder the development and implementation of innova-
tive teaching strategies in this discipline.

Given these challenges of LLM-based chatbots such as
ChatGPT, some researchers (Duy et al., 2024; Giildal &
Dinger, 2024) propose creating specific chatbots tailored
with the content being taught in the classroom, such as rule-
based chatbots or platform-based chatbots. This approach
could improve the scientific quality of the responses and
limit student dispersion (Chang et al., 2023), as ChatGPT
can provide answers in a multitude of fields even if they
are not directly related to the topic at hand. However, the

authors have reported a decrease in the linguistic quality
of responses when using these tailored chatbots (Chang
et al., 2023; Ng et al., 2024). This outcome is not surpris-
ing, considering that ChatGPT has been “trained” with a
vast amount of data, resulting in a remarkably high linguistic
quality (Dahlkemper et al., 2023).

Moreover, this creates a kind of dilemma between lin-
guistic quality and scientific quality depending on the type
of chatbot. Therefore, it is necessary to carefully design and
plan the learning objectives pursued with the chatbot (Liang
et al., 2023). On the one hand, if high precision in scien-
tific content is desired, and students should not be able to
disperse or “play” by asking questions from other subjects,
the best option is to design a specific chatbot, knowing that
its linguistic capacity will be reduced. On the other hand, if
the goal is for students to obtain preliminary versions of the
content that they will later have to improve to enhance their
scientific understanding personally, and if maximizing the
options for exploring various topics and promoting research
skills is desired, it is best to use a generalist chatbot.

It is also true that using a custom chatbot requires more
work, and although some authors rely on other applications
like Google’s DialogFlow (Deveci-Topal et al., 2021), in
general, they require certain programming knowledge. As a
solution, Bewersdorff et al. (2023) and Latif and Zhai (2023)
propose training a generalist chatbot, like GPT, with specific
data depending on the intended use, thus achieving greater
precision in its scientific responses. This approach could
strike a balance between the ease of implementation and
the desired level of accuracy in the chatbot’s outputs, making
it a more accessible option for educators who may not have
extensive programming expertise.

In any case, when choosing the type of chatbot to use, it
is also essential to consider the specific educational goal to
be achieved. For example, one of the educational functions
of chatbots is to serve as personalized tutors, which may lead
to their use as tools for autonomous learning without teacher
supervision. However, as noted in this review, teacher
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Table 4 Parameters of exploratory studies

11 12 19 20 21 30 32 38

10

ID of study

1. Clearly define the objective/RQ of their study

2. Analyse the research questions through the author’s opinions

3. Analyse research questions through expert opinions

4. The rubrics or evaluation standards that have been followed in the analyses are provided

5. Total and not partial responses to your conversation with the chatbot are offered

6. Perform several tests of the same question and offer a % of success or error

7. Show the limitations of the study

-, Only in some occasions; n.n., It is not necessary

guidance is crucial for the appropriate use of chatbots by
students. As highlighted by Debets et al. (2025), an educa-
tional chatbot based on Sweller et al. (1998)’s cognitive load
theory could provide more effective support and feedback to
students. Therefore, chatbots grounded in educational theo-
ries are more likely to succeed. However, as pointed out in
the reviews by Heeg and Avraamidou (2023) and Debets
et al. (2025), most studies involving chatbots lack a theoreti-
cal framework to support their educational proposals.

The observed benefits of chatbots in science education
can be explained by well-established learning theories.
Among others, the cognitive load theory (Sweller et al.,
1998), chatbot responses can align with students’ cogni-
tive levels, providing structured and organized information
through concise, scaffolded guidance to reduce extrane-
ous cognitive load. This is critical in science fields where
abstract content risks overwhelming working memory
(Kirschner et al., 2006)—an issue that these tools could
reduce or hopefully mitigate. Additionally, drawing on
situated learning theory (Lave & Wenger, 1991), chatbots
can narrow the gap between textbook concepts and lived
experience by simulating authentic problem-solving con-
texts and anchoring interactions in real-world scenarios.
This contextualization not only boosts engagement but is
important for integrating scientific principles into durable
cognitive schemata. Finally, Vygotsky’s zone of proximal
development (ZPD) further clarifies their potential: chat-
bots might function as dynamic scaffolds, offering calibrated
support just beyond a learner’s current competence, much
like a human tutor would when guiding discovery. Although
current LLM-based chatbots are not yet able to tailor their
responses precisely to a learner’s ZPD, the benefits reported
in several studies may reflect partial forms of scaffolding,
especially when chatbot interactions prompt students to
reflect, pose questions, or receive elaborated feedback. From
this perspective, the educational impact observed could be
the result not only of access to information, but of a dialogue
that approximates the cognitive support traditionally offered
by human tutors. Thus, these theories not only help explain
the results observed, but also suggest key principles to guide
future chatbot design.

For chatbots to function as effective science learning
tools, their design must be rooted in robust theoretical
frameworks (Debets et al., 2025), addressing three core
demands: the cognitive load inherent to complex concepts,
the necessity of contextual anchoring for meaningful trans-
fer, and adaptive scaffolding calibrated to learner progres-
sion. Crucially, then, developing or choosing educational
chatbots transcends technical implementation; it is, above
all, a pedagogical endeavor.

In a more general context, a common highlight of
researchers is the ability of chatbots to reduce teach-
ers’ workloads. Following the American Federation of
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Teachers (Johnson & Ricker, 2017), a stressful workload
is a general tone among teachers. In fact, according to
the same report, 61% of teachers find their job always or
almost always stressful (twice as much as in other pro-
fessions). They also complain about the lack of time to
prepare their lessons and materials. Undoubtedly, the fact
that chatbots may contribute to reducing this load, and the
stress that it entails, is great news.

In this sense, Chang et al. (2023) claim that chatbots
help by performing repetitive tasks, such as assessments
and student monitoring, assisting in administrative tasks
(Dahlkemper et al., 2023), and generating educational
resources such as rubrics or teaching units (Alan & Yurt,
2024; Kiling, 2023). Similarly, Wan and Chen (2024) high-
light that even if ChatGPT’s evaluation is only satisfactory
in 70% of the cases, it can still save instructors consider-
able time and effort. So far, while ChatGPT has shown
strong capabilities in generating educational resources in
scientific disciplines, its ability to carry out educational
assessments without supervision still falls short of an
acceptable level of accuracy. However, further investi-
gation is highly necessary to provide empirical data (not
just opinions and perceptions) to determine whether these
tools truly support teachers or, on the contrary, add to their
workload and stress.

Chatbots can also contribute to the issue of high student-
to-teacher ratios by addressing personalized student queries,
and thus promoting a more individualized teaching (Deveci-
Topal et al., 2021). Chatbots can offer significant support to
students, providing instant tutoring, anywhere, anytime, and
through a widely common means, such as mobile devices
or smartphones (Giildal & Dinger, 2024; Lin & Ye, 2023).

In general, students express positive opinions regarding
the educational use of chatbots in science education, finding
it motivating. In some cases, it seems that students feel more
at ease asking questions than they do with a human teacher
(Chang et al., 2023). This could lead to more effective learn-
ing, as it has been proven that motivation has a positive and
reciprocal relationship with academic performance (Muijs
& Reynolds, 2017).

For the proper use of chatbots, many authors also con-
sider it essential to have developed higher-order skills, such
as critical thinking (Cooper, 2023; Wei et al., 2024), and
prior knowledge of specific content (Archila et al., 2024;
Ruff et al., 2024). This may indicate that, although posi-
tive effects can be achieved with these tools, their maximum
performance is reached when students already possess these
skills, as is the case in university education. In any case,
this critical thinking can only be developed with a deep
prior knowledge (Willingham, 2019) and the correspond-
ing subsequent analysis work (Deveci-Topal et al., 2021).
This brings us back to the beginning: if students need good
critical thinking to use Al, then students need education

in content, culture, and values, along with guidance from
someone who possesses all of these, such as an educator.

This is necessary because the most significant flaw
detected by some authors is that program responses con-
tain errors, overly general information, and contradictions,
requiring scrutiny from an expert human filter (Ramkorun,
2024; Wan & Chen, 2024). However, the issue diminishes
when chatbots are used to support teachers, as they are
assumed to have sufficient knowledge and critical ability to
evaluate and correct responses. In this regard, some authors
highlight ChatGPT’s potential to offer very good prelimi-
nary versions, even if they need correction (Cooper, 2023).

Alternatively, although the use of chatbots appears more
promising as a tool to support teachers, most of the analyzed
studies focus on how they can benefit students. However,
a series of shortcomings have been detected in these stud-
ies: the few interventions conducted yield disparate results
regarding academic performance improvement. While posi-
tive feedback from students is reported, research should
involve larger samples, longer-duration interventions, and
control groups, and should also measure learning outcomes
rather than solely relying on participants’ opinions, as is cur-
rently predominant. These limitations have been highlighted
by authors such as Bitzenbauer (2023), Kilin¢ (2023), Lee
and Zhai (2024), and Li et al. (2024), who emphasize the
need for more rigorous and comprehensive studies to better
understand the impact of chatbots on student learning.

Moreover, the high number of exploratory papers that
have been found is logical since, as indicated by Babbie
(2016), this type of research aims to familiarize oneself
with a little-studied topic, identify relevant variables, and
generate preliminary hypotheses. In this review, many edu-
cational proposals to support science teachers are evaluated
in exploratory studies, mostly through the authors’ opinions
(with few consultations with experts), and without rubrics
or standards for the chatbot’s expected answers. In the same
vein, authors conducting exploratory research should repeat
the same questions several times to determine whether there
is diversity in the responses, providing an accuracy percent-
age, given chatbots’ ability to generate varied responses to
the same question. Consequently, more robust educational
interventions are needed to draw definitive conclusions.

It is important to note that the increasing presence of
chatbots in science education demands their integration into
curricula in a way that fosters Al literacy for students. This
integration should promote critical thinking and technical
skills. Although chatbots offer promising applications, they
also pose ethical challenges, such as plagiarism and student
over-reliance (Alan & Yurt, 2024).

Therefore, professional development programs for teach-
ers are essential (Almasri, 2024; Feldman-Maggor et al.,
2025; Labadze et al., 2023). These programs should not only
focus on technical skills and best pedagogical practices, but
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also thoroughly consider the underlying ethical implications.
Without comprehensive training, teachers may struggle to
keep up with students’ chatbot usage, limiting their abil-
ity to facilitate appropriate, technology-supported learning.
Equipping educators in these areas is key to maximizing the
benefits and minimizing the risks of integrating chatbots into
science education.

Some of these risks were noted by Avraamidou (2024),
such as the perpetuation of Western monoculturalism, which
reinforces the biases with which the models were trained.
The exploitation of marginalized communities for the train-
ing of ChatGPT (Cooper, 2023; Kiling, 2023) has also been
the subject of criticism, as has the significant environmen-
tal impact—both in terms of energy consumption and the
carbon footprint associated with these tools (Avraamidou,
2024)—as well as their high-water usage (Li et al., 2023).

We believe that educators should highlight the impor-
tance of using these tools in a responsible and ethical man-
ner. Instead of focusing predominantly on potential misuse,
they should inspire students to understand how Al, when
critically used, can be a potent instrument for societal
advancement. Moreover, both researchers and teachers
should consider their students’ privacy when using certain
chatbots by encoding their work without including names
(as, for example, recommended by the European Union’s
General Data Protection Regulation).

Finally, research in this field is still in its early stages.
More controlled and randomized studies with empirical data
are needed to examine the impact of chatbots across vari-
ous scientific subjects, particularly in those areas that have
received less attention. These studies would provide a more
comprehensive understanding of the benefits and challenges
associated with chatbot integration. Furthermore, these
studies should also address ethical concerns to ensure their
responsible and effective adoption.

Conclusions

Chatbots have shown promising potential in science educa-
tion by offering clear opportunities to assist teachers and
reduce their workload. In particular, they can support tasks
such as lesson planning, rubric generation, activity sugges-
tions, feedback, and evaluation, usages that remain relatively
safe as long as teachers supervise and adapt the outputs with
their disciplinary expertise.

When chatbots are used directly by students, however,
greater caution is required. Despite their fluency, most mod-
els still lack scientific precision and sometimes generate
incorrect or overly general answers. Consequently, teachers
face both a challenge and an opportunity (indeed, an obliga-
tion) to instruct students in the responsible use of these tools,
guiding them to scrutinize outputs, identify potential errors,
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and leverage chatbots as catalysts for deeper understanding
rather than mere “copy-and-paste” generators of responses.

For this reason, integrating Al literacy and critical-think-
ing skills into the science curriculum becomes essential. Stu-
dents must learn not only how to operate chatbots, but also
how to question, verify, and refine their outputs. In turn,
educators will require targeted professional development
(focused on ethical, pedagogically sound, and evidence-
based decision-making) to ensure effective and responsible
use of artificial intelligence in the classroom.

Teachers are encouraged to pilot chatbots across diverse
science contexts, particularly the markedly under-studied
field of geology, as well as abstract topics in physics and
chemistry, by designing specific, scaffolded tasks that
require students to query the chatbot, critique its responses,
and verify them against textbooks, datasets, or laboratory
results. These studies should incorporate follow-up assess-
ments over several weeks, months, or even years, enabling
teachers to distinguish lasting learning gains from short-
lived novelty effects. In this way, educators will build action-
able evidence on accuracy, conceptual depth, and retention,
and can iteratively refine chatbot integration.

In sum, chatbots should be regarded as valuable assis-
tants, especially for teachers, but not yet as autonomous
tutors for students. Their responsible implementation
demands a blend of technical knowledge, pedagogical judg-
ment, and ethical awareness.

Limitations of the Study and Future
Research

Firstly, although efforts have been made to minimize
research bias by searching for articles in different data-
bases, only peer-reviewed articles have been considered.
The review bias could be reduced by expanding the search
to include book chapters, conference papers, dissertations,
etc. It could also be improved if unpublished articles had
been found. While these issues pertain to the generalization
of results, they are typical challenges in many systematic
reviews and meta-analyses.

Secondly, the scope of this review is limited by the char-
acteristics of the included studies. Although the selection
process was systematic, the final sample was relatively
small, and the analysis of methodological quality revealed
several common weaknesses, such as small participant sam-
ples, lack of control groups, and the absence of standardized
instruments to assess learning outcomes. Furthermore, since
the use of chatbots in science education is an emerging field,
a large number of exploratory studies were found (32.5%
in this review). Exploratory studies tend to have less meth-
odological rigor than interventions or case studies, limiting



Journal of Science Education and Technology

the generalization of this review. For all these reasons, the
findings of this review should be interpreted with caution.

As a future task, conducting a meta-analysis remains
pending until enough empirical studies on variables of inter-
est, such as academic performance, workload in teachers
and students, motivation, and attitude towards science using
chatbots, become available.
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