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Abstract—This meta-analysis examines the effectiveness of
chatbot integration in science education by synthesizing
quantitative findings from selected peer-reviewed studies.
Employing a rigorous meta-analytic approach, eight studies
published between 2007 and 2024 were analyzed using a
random-effects model. The inclusion criteria focused on
quasi-experimental research measuring student performance in
science subjects. Effect sizes were calculated using Hedges’ g,
with additional analyses conducted to assess heterogeneity,
publication bias, and subgroup differences. Findings indicate
that chatbot-assisted instruction significantly improves student
performance compared to traditional methods. Al-driven
chatbots showed notably higher effectiveness than rule-based
systems, highlighting the value of adaptive, interactive
technologies in educational contexts. Despite high variability
among studies, sensitivity analyses confirmed the stability of the
results. The findings suggest that chatbot
integration—particularly when designed for dynamic,
personalized learning—can meaningfully enhance science
education outcomes. These insights offer practical implications
for educators and policymakers aiming to implement Al tools in
curriculum design.
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1. INTRODUCTION

The landscape of education is rapidly changing, with
advancements in Artificial Intelligence (Al) and Internet of
Things (IoT) established as cornerstones of the modern
pedagogical process. These innovations resulted in a
paradigm shift in how teachers implement curricula [1].
Technological interventions significantly impact teaching
Science, Technology, Engineering, and Mathematics (STEM)
by facilitating the unpacking of concepts across different
disciplines [2]. The inclusion of technology in science
teaching is grounded on the main tenets of the 21st century
skills, learner-centered pedagogy, and constructivism [3],
making it essential for curriculum implementation.

The implementation of technology in science education
not only complies with the relevant theories of learning but is
also proven to enhance student engagement and
motivation [4]. Furthermore, Technological interventions in
the teaching of science also promote the United Nations
Sustainable Development Goals (SDGs) by promoting
effective learning experiences (SDG 4) and reducing carbon
footprint by going digital (SDG 13), along with other SDGs
that align with specific curriculum objectives [5].

Recently, the term “chatbot” has gained prominence in
contemporary pedagogy, particularly in science education.
Chatbots have evolved in function and feature, from the
conception of ELIZA, one of the pioneer language processing
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computer programs [6]. Widespread utilization of chatbots
has been driven by the introduction of contemporary Al
programs popularized by Apple’s Siri, Microsoft’s Cortana
and Alexa, and OpenAI’s ChatGPT [7]. The integration of
chatbots in education called for an exploration of their
potential to enhance the pedagogical process through
learner-centered activities, collaborative engagements, and
personalized learning experiences [8]. Chatbots have a
multifaceted effect on education, benefiting both teachers
and students by giving immediate access to information,
facilitating self-directed learning, and providing feedback on
student output [9]. Chatbot use in education has been widely
regarded in their potential in aiding the teaching-learning
process and knowledge retention. Their potential in
enhancing learning outcomes and knowledge retention is
well-documented. One study on the ChatGPT chatbot’s
performance in national licensing examinations [10] showed
that the program had significant accuracy in answering
questions correctly, encouraging further research into the
application of chatbots in exam review and preparation.

While chatbot use is linked to task completion in
educational environments, it has also been found to hinder
critical and higher order thinking due to the superficial
engagement in problem solving [11], warranting precaution
in their use. Al chatbots are effective in producing acceptable
answers given on lower-order thinking skills but cannot be
relied on to answer higher-order thinking questions and
understand complex concepts [12]. Despite being ineffective
in the advanced cognitive levels, chatbots remain valuable to
science  education,  particularly in  self-learning,
self-assessment [13], personalized learning [14], and
academic support in both science [15] and physical
education [16].

Studies highlight the relevant positive impact of chatbots
in education, particularly in enhancing metacognitive
thinking and student engagement. Al chatbots are used by
schools to promote social digital interactions and social
engagement, therefore  contributing to  cognitive
development [17]. Pereira [18] found that the @dawebot
chatbot, which produces practice materials for exams,
improves student preparation and overall academic
performance. Another notable chatbot, “Jill Watson, acted as
an Al teaching assistant, aiding students at the Georgia
Institute of Technology preparing for introductory activities,
inquiries, preparations, projects, and assessments [19].

Although chatbots have demonstrated potential in science
education, a gap remains between their implementation and
measurable improvements in student academic performance.
In terms of academic utilization, Al chatbots were perceived
to be useful by most students, but only a small proportion of
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instructors viewed them as beneficial [20]. A cross-sectional
study regarding chatbot use among students revealed that
they were primarily used for case-based learning, problem
solving, and topic clarification [21]. Chatbots have also
successfully answered questions from graduate-level
examinations of science courses, performing adequately in
multiple-choice, short-answer, and essay questions, implying
their potential for exam assistance [22]. These findings
collectively imply the usefulness of chatbots among students
and exam preparation, but it is yet to be established whether
they directly impact academic performance.

Despite their benefits, chatbot utilization has faced
scholarly criticisms on its negative effects on student
performance. A study found that while chatbots improve
productivity among students, dependence on them can impair
their comprehension and critical thinking [23]. Additionally,
educators are urged to be equipped with proper training to
integrate chatbots into academic activities and enhance
student academic performance [24]. Although Chatbots can
answer short responses and lower-order thinking skills, they
struggle with reasoning tasks that require step-by-step
solutions, limiting their role in improving academic
performance [25]. Furthermore, biases in the training data of
chatbots also raise concern for academicians, as generative
text patterns may disproportionately resemble certain
demographics, hindering diversity and creativity in the
outputs of students [26].

This research study employs a meta-analysis approach,
utilizing quantitative procedures that synthesize various
existing research and assess the overall impact of chatbots on
science education performance [27] meta-analysis research
aims to evaluate the effectiveness of interventions and arrive
at a significant generalization across numerous studies [28].
The wvalidity of meta-analysis studies depends on
methodological rigor, statistical precision, and sound data
presentation [29]. This meta-analysis systematically
examines existing research on chatbot integration in science
education, assessing its impact on academic achievement. By
aggregating findings from diverse literature, this study aims
to illuminate the potential of chatbots in science education
through a statistical summary of their results [30].

The integration of chatbots in science education represents
a transformative shift in the teaching-learning process,
necessitating scientific and objective inquiry into their impact
on academic achievement. Therefore, this study contributes
to the field of research by:

Bridging the research gap between chatbot use and science
education achievement. There is limited research linking
chatbot use to academic performance in science.
Synthesizing the results from the meta-analysis of multiple
studies can provide valuable insights into the significance of
chatbots in academic achievement.

Advancing educational technology implementation. By
evaluating the size effect and statistical significance of
chatbot effects on student performance, this study can
contribute to implementation policies and evidence-based
decision-making.

Informing educators and policymakers. The findings of
this research can generate critical insights for educators and
administrators on the effectiveness of chatbots on student
achievement. Data-driven insights can guide policy decisions

regarding chatbot use in the educational context.

II. LITERATURE REVIEW

This Chatbot utilization in education remains a prominent
area of interest. This is mainly due to the accessibility of Al
to both educators and students [31]. Chatbots are designed to
provide accurate, human-like responses to academic
questions and instructions, making them valuable tools for
learning [32]. This literature review focuses on the evolution
of chatbots towards the role of pedagogy and their impact on
science education.

A. Evolution of Chatbots towards Education

Chatbots were programmed as an attempt to answer Alan
Turing’s question on whether a computer program can mimic
human conversation to the point of being undetected [33].
The question, later named the Turing Test, is perceived to
mark the beginning of chatbot exploration. The first chatbot,
ELIZA, simulated dialog with a psychotherapist [6] despite
limited knowledge and a dataset. It was succeeded by
PARRY, which voiced dialogues mimicking a person with
schizophrenia [34]. Despite being sophisticated at its time of
conception, PARRY was usually flagged as a non-person or a
chatbot due to limitations in its response system [35]. These
two early developments in the 20th century demonstrated
limited progress in creating chatbots that can pass the Turing
Test.

A breakthrough occurred in the 21st century with the
creation of Artificial Linguistic Internet Computer Entity
(ALICE), which won the Loebner Prize Turing Test from
2000 to 2001 by simulating natural language patterns and
techniques [36]. Copying natural patterns of language and
connecting them to the internet caused newer chatbots to
become perceptive in answering questions and human
interventions. The 2000s was followed by the introduction of
SmarterChild, a chat program that provides aid in the
teaching-learning process, offering answers to questions
asked by both students and teachers. The influx of chatbot use
permeated the education platform through the need to address
personalized learning.

Notable examples of chatbots in education include:

1) Jill Watson, used for e-learning, personalized learning,
and administrative tasks among students at Georgia
Institute of Technology [19].

2) Arttificial Intelligence chatbot Siri, noted for its use of
voice-activated commands that answered questions and
provided information [37].

3) IBM’s Watson, which won a quiz show against human
contestants [38], showcases the range of knowledge it can
store as well as the rate of response to questions in a timed
contest.

These developments in the early 2010’s established the
potential of chatbots in three areas of education: in
communication, assessment, and [39].

B. Chatbots and the 21st Century Pedagogy

Chatbots play a crucial role in 21st century learning by
supporting  collaboration,  lifelong  learning, and
teacher-training policies [40]. An exploratory study
highlighted personalized learning and asynchronous lesson
assistance as the main benefits of chatbot use in learning [41].
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A systematic review also stated the benefits of a generative
Al chatbot in improving student comprehension [42].
Chatbots facilitate Self-Regulated Learning (SRL) through
programmed conversations to address student inquiries and
learning styles [43]. Through ease of access, Al chatbots can
personalize in addressing student needs, making learning
more inclusive and student-centered [44]. Al Chatbots can
facilitate homework assistance and self-paced learning [45],
flexible personalized learning [46], and skills development
through chatbots’ instructional guidance and step-by-step
problem-solving prompts [47]. Not only did student learning
processes benefit, but also the teaching processes as well.
Chatbots aid teachers in designing complex tasks to foster
higher-order thinking skills, as well as modify assessments to
align with learning outcomes [48]. However, educators are
cautioned to strategically utilize Al chatbots to promote
critical thinking and creativity rather than passive
learning [49].

C. Impact of Chatbots in Science Education

Al chatbots such as ChatGPT, Bard, Llama, and DeepSeek
have revolutionized education by producing e human-like
outputs from advanced algorithms [50]. Chatbot impact in
science education can be analyzed in key segments such as
pedagogy, research, and student performance.

Chatbots streamline logistics and planning among
educators by generating learning plans, rubrics, and quizzes.
However, the generic nature of outputs requires teacher
oversight and revision [51]. Teachers are encouraged to
increase both technical knowledge and pedagogical skills to
maximize the potential of chatbots [52]. Chatbots facilitate
thought organization, feedback generation, and clerical
work [53]. This has prompted academic institutions to set
policies in regulating chatbot use in education and research.
While chatbots benefit productivity and efficiency among
science educators, concerns remain regarding overreliance,
impairing comprehension and critical thinking among
students [11]. They also challenge traditional methods of
assessment, being able to create human-like responses to
essay examinations and student tasks [54].

Several studies have explored the benefits of chatbot
utilization to learner comprehension and task completion.
Comparative studies on student performance stated that
generative Al-based chatbots effectively enhance student
science knowledge, behavior, and intrinsic motivation [55].
Another comparative study found that chatbots outperformed
the average student in most sections of biomedical science
examinations, underscoring the prospect of Al chatbots
aiding in exam preparation [22]. In allied health sciences,
mobile chatbots improved student learning achievement and
exam preparation, with participants reporting increased
self-efficacy and mental preparation [56]. However, a
quasi-experimental study revealed a trade-off of chatbot use
among students. Students in the experimental group who
regularly used chatbots completed their tasks faster than
average but demonstrated less depth of comprehension and
critical thinking compared to those in the control group [11].

Despite these promising findings regarding chatbot impact
on the pedagogical process, there remains a significant gap in
the literature regarding the direct impact of chatbots on
student performance in the context of science education.
Most existing literature focuses on the chatbots’

contributions to general pedagogy, academic organization,
and instructional support, yet there is limited quantifiable
evidence on the impact of chatbots on science-specific tasks
and assessments. By analyzing their direct influence on
student performance, this meta-analysis research seeks to
contribute valuable insights for educators and academic
leaders, informing significant data on chatbot use and its
relationship to student performance.

III. MATERIALS AND METHODS

This study employed a meta-analysis research design to
examine the effect of chatbot integration on science
performance. Meta-analysis was chosen as it allows for the
systematic synthesis of quantitative results from a variety of
studies, providing a comprehensive overview of the
collective evidence regarding the impact of chatbot
integration in science education [57, 58]. The search for
relevant studies was conducted across electronic databases,
academic journals, and other reputable sources, using
predefined criteria for study inclusion. These criteria
included studies that investigated the effects of chatbot
integration on students’ performance in science subjects,
with quantitative outcome measures available. Studies were
screened based on relevance to the research question,
methodological rigor, and availability of data [59, 60]. Data
extraction procedures were then implemented to collect
pertinent information from each included study, such as
sample size, effect sizes, specific science subjects, and
methodological characteristics. Additionally, efforts were
made to address potential sources of bias, such as publication
bias and heterogeneity among studies, through appropriate
statistical methods and sensitivity analyses [61].

A. Research Study Procedure

Prior to searching peer-reviewed online journal articles,
the researchers established criteria for inclusion and
exclusion in the meta-analysis. Various meta-search engines
were utilized to gather relevant journal articles, including
Google Search, Google Scholar, Education Resources
Information Center (ERIC), and Journal Storage (JSTOR).
Additionally, the software program Publish or Perish [62]
was employed to identify lists of journal articles and analyze
academic citations. The search was intentionally confined to
articles published from 2007 up to the first quarter of
2024 [63]. The descriptors entered the meta-search engines
included terms such as chatbot integration, chatbots in
education, students’ science performance, and variations of
these terms. These descriptors were systematically entered
into the search engines, with a persistent focus on the core
term “chatbot integration” or “chatbots”, until relevant
studies were exhaustively identified. This comprehensive
search strategy aimed to ensure the inclusion of all relevant
studies that investigated the effect of chatbot integration on
students’ science performance within the specified
timeframe.

B. Selection Criteria and Coding Procedures

For this study, research articles relevant to the context
were investigated, utilizing a quantitative research design
from the period spanning 2007 up to the first quarter of 2024.
Inclusion criteria were established to select journal articles
meeting specific parameters: Articles must be research
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articles from peer-reviewed journals and conference
proceedings published between 2007 and the first quarter of
2024 and contain explicit references to chatbot integration in
their title or abstract. They must utilize student science
performance as a dependent variable, focus on the elementary,
secondary, or tertiary level of education, and employ a
quasi-experimental design. Additionally, articles should
focus on a wide range of scientific disciplines, including
Biology, Chemistry, Earth Science, and Physics, while also
encompassing related fields such as Health Science,
Computer Science, Environmental Science, and Astronomy.
They should provide sufficient quantitative data to facilitate
effect size computations. The collected journal articles were
then filtered using the given inclusion criteria. Fig. 1
illustrates the flow of the search process using the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) search strategy diagram [64], providing a visual
representation of the systematic search and selection process
employed in this meta-analysis.

A total of 1056 studies were initially identified, originating
from various countries and conducted across different years.
Following a rigorous screening process, only 9 articles met
the predefined inclusion criteria and were deemed qualified
for the analysis. The countries represented in the qualified
studies include the Philippines, Korea, Egypt, Taiwan,
Pakistan, and Ghana, spanning years from 2019 to 2024. One
study [65] was excluded due to an extreme effect size
(g = 19.283), which was identified as a statistical outlier in
preliminary analysis. Its inclusion resulted in excessive
heterogeneity (> = 99.66%), compromising the stability of
meta-analytic estimates. Therefore, it was not included in the
final analysis.

Record through Additional records

database search through other sources

(u=1050) @=6)

| |

Records after the duplicates were removed
(0=1043)

|

Records screened
(1=1043)

|

Full-text articles assessed
for eligibility

o
H
g
&

Records excluded (n=1021)
Not Science related (u=356)

Not m easuring student

achievem ent (n= 665)

Full-text articles excluded (n=13)

Did not use experimental re-
search (=8)

(n=22) Did not provide sufficient data

)

Studies included in the
meta-analysis

®=9)

Eligibility

Fig. 1. PRISMA model.

The data collected from these qualified journal articles
were systematically coded into several categories to facilitate
analysis. These categories encompassed essential aspects of
each study, including study identification (author’s last name
and year of publication), students’ grade level, scientific
discipline explored, databases utilized, control/comparison

condition, instrument wused, and outcome measure
characteristics (sample size, mean, and standard deviation).
This systematic coding allowed for a comprehensive
examination of the effect of chatbot integration on students’
science performance while ensuring consistency and clarity
in data analysis and interpretation.

C. Effect Size Calculation

For Hedges’ g was used as the primary effect size measure
due to its correction for small sample bias [64, 66]. Effect
sizes were computed using STATA18 [67]. A random-effects
model was employed to account for heterogeneity among
studies. Restricted Maximum Likelihood (REML) estimation
was used to estimate the between-study variance [68]. The
model was assessed using heterogeneity statistics, including
Cochran’s Q test, the I? statistic to quantify the proportion of
variation due to heterogeneity, and 7> to assess total
variability [69].

To detect potential publication bias, several tests were
conducted. Egger’s Regression Test was used to evaluate the
relationship between effect sizes and their standard
errors [70]. The Trim-and-Fill Method, a nonparametric
approach, was applied to estimate and adjust for missing
studies due to publication bias [71]. Additionally, the
Galbraith Plot was utilized as a graphical tool to detect
outliers and assess heterogeneity [72].

A sensitivity analysis was performed by systematically
removing one study at a time to evaluate its influence on the
overall effect size. This approach ensured the robustness of
the results and helped identify whether a single study
disproportionately affected the findings [73].

A meta-regression was conducted using total sample size
as a moderator variable to investigate whether study-level
sample size influenced effect sizes. Residual heterogeneity
was assessed using the Q statistic for residuals [66]. A
subgroup analysis was conducted to examine whether chatbot
type, specifically Al-driven versus rule-based, influenced the
effect size. Studies were grouped accordingly, and separate
meta-analyses were performed for each subgroup. The test
for subgroup differences was conducted using the Q statistic
for between-group heterogeneity [74].

IV. RESULT AND DISCUSSION

The studies reviewed on chatbot use in science education
share commonalities in their goals and approaches, while also
exhibiting unique features in terms of target audience,
platform, and chatbot type (Table 1). A key similarity across
the studies is their emphasis on improving student learning
outcomes, engagement, and self-regulated learning through
chatbot integration. Most studies focused on enhancing
conceptual understanding, self-efficacy, and engagement in
science subjects by providing interactive and immediate
feedback to learners. Additionally, a significant trend
observed is the use of Al-driven chatbots employing Natural
Language Processing (NLP), knowledge-based systems, or
inquiry-based approaches to facilitate student learning
(Table 2).

Table 1. Summary of study details

Study Type of Chatbot

Platform Used

Target Audience  Sample Size Country of Origin

Chang et al. [56] Mobile chatbot

Mobile-based NLP

University students 36 Taiwan
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Study Type of Chatbot Platform Used Target Audience  Sample Size Country of Origin
Abbasi et al. [75] Android-based chatbot NLP-based chatbot University students 110 Pakistan
Lee et al. [76] Rule-based Al chatbot Network-b:}s/z;ie;rllstructlonal Grade 6 students 192 South Korea
Lin and Ye [77] Biology learning chatbot LINE messaging app Grade 7 students 34 Taiwan
Prondoza and Panoy [78] Interactive chatbot Not specified Grade 10 students 70 Philippines
Riggs [79] Inquiry-based chatbot  Not specified (likely NLP-based)  Grade 8 students 60 USA
Chang, Kuo, and Hwang [80] Knov?ﬁi%ﬁ;b ased Mobile learning with NLP University students 32 Taiwan
Essel et al. [81] Virtual teaching Al-driven chatbot using University students 68 Ghana

assistant (KNUST-bot)

zero-coding

Table 2. Count of Al-driven and rule-based chatbots

Platform Used Type of Chatbot Study
Al-Driven (Uses NLP, ML, or 6 Abbasi et al. [75], Chang et al. [56], Chang, Kuo, and Hwang [80], Essel et al. [81],
Knowledge-Based Al) Lin and Ye [77], Riggs [79]
Rule-Based 2 Lee et al. [76], Prondoza and Panoy [78]

Despite these commonalities, the studies exhibit distinct
variations in their implementation. For example,
Lee et al. [76] developed a rule-based chatbot for sixth-grade
students, focusing on a network-based instructional system to
improve science conceptual understanding and attitudes
toward science, with a particular emphasis on gender
differences in engagement and achievement. In contrast, Lin
and Ye [77] used a chatbot integrated into the LINE
messaging app to support seventh-grade students in biology
learning, leveraging mobile technology for personalized
interactions beyond the classroom. Similarly, Prondoza and
Panoy [78] implemented an interactive chatbot for
tenth-grade students, emphasizing self-regulated learning
skills alongside science education. These variations highlight
differences in chatbot design and technological platforms
tailored to specific educational contexts.

Another noteworthy distinction among the studies is the
level of chatbot sophistication. Al-driven chatbots, such as
those used by Riggs [79] and Chang et al. [56, 80] integrated
NLP and machine learning to facilitate inquiry-based and
knowledge-based learning approaches, respectively. These
Al-driven chatbots aimed to create a more dynamic and
responsive learning experience. On the other hand, studies
like Lee et al. [76] and Prondoza and Panoy [78] relied on
rule-based systems, which, while effective, had more
structured and limited interactions. The impact of these
different chatbot types is also reflected in their application,
with Al-driven chatbots being more adaptable to students’
individual learning paths.

Geographical distribution and sample sizes also vary
across the studies, impacting the generalizability of findings.
Studies from Taiwan, such as those by Chang et al. [56, 80]
integrated and Lin and Ye [77] integrated typically had
smaller sample sizes (32—36 university or school students),
whereas Lee et al. [75] in South Korea and Riggs [78] in the
USA had larger sample sizes (192 and 60 students,
respectively). The study by Essel et al. [81] in Ghana focused
on higher education and utilized an Al-driven virtual
teaching assistant, offering insights into the chatbot’s impact
on academic performance in a university setting. These
differences indicate a range of implementation strategies and
learning environments.

A meta-analysis was conducted using a random-effects
model to synthesize the effect sizes across eight studies. The
pooled effect size, Hedges’s g, was 2.41 (95% CI: 1.05-3.76),
indicating a statistically significant and large effect of the
intervention (Table 3). The test for overall effect was

significant (z = 3.48, p < 0.001), suggesting that the
intervention had a meaningful impact, with results favoring
the treatment group over the control group.

Table 3. Meta-analysis summary

o X
Study Effect Size 95 A)UCpI p(:li())wer, “:;)g)ht
Abbasi et al. [75] 1.703 1.269,2.137 12.92
Chang et al. [56] 2.084 1.285,2.884 12.52
Chang, Kuo, and Hwang [80]  5.935 4.332,7.539 11.06
Essel et al. [81] 4.529 3.635,5.424 12.39
Lee et al. [76] 1.238 0.927, 1.549 13.01
Lin and Ye [77] 0.347 —0.315, 1.008 12.70
Prondoza and Panoy [78] 0.356 —0.111, 0.823 12.90
Riggs [79] 3.644 2.823,4.465 12.49
Overall (Random-Effects) 2.405 1.052,3.758 —

Note: Heterogeneity: 72 = 3.6378, > = 97.67%, O(7) = 139.95, p < 0.001,
Test for Overall Effect: z = 3.48, p <0.001

The individual studies reported a wide range of effect sizes,
with Chang et al. [80] demonstrating the largest effect size
(g = 5.94, 95% CI: 4.33-7.54), suggesting a substantial
benefit of the intervention in this sample. Similarly,
Essel et al. [81] also reported a high effect size (g =4.53,95%
CI: 3.63-5.42), further supporting the intervention’s strong
positive impact in certain. In contrast, some studies exhibited
small or negligible effects, such as Lin and Ye, [77] (g=0.35,
95% CI: —0.31-1.01) and Prondoza and Panoy, [78] (g = 0.36,
95% CI: —0.11-0.82). These findings suggest that the
effectiveness of the intervention may be influenced by
study-specific factors, including sample characteristics,
implementation fidelity, or contextual variables.

The weight assigned to each study in the meta-analysis
ranged from 11.06% [80] to 13.01% [77], indicating that
studies with larger sample sizes contributed more to the
pooled estimate. Notably, Lee et al. [76], which had the
highest weight (13.01%), reported a moderate effect size
(g =1.24, 95% CI: 0.93—1.55), reinforcing the robustness of
the pooled findings. Interestingly, despite its large effect size,
Chang et al. [80] had a relatively lower weight (11.06%) due
to its small sample size (N = 16 treatment, N = 16 control),
highlighting the importance of sample size in determining the
influence of individual studies on the overall results (Fig. 2).

A key consideration in this meta-analysis was the
substantial heterogeneity observed across studies. The
heterogeneity statistics revealed a tau-squared (z%) value of
3.64, an [-squared (/?) value of 97.67%, and an H-squared (H?)
value of 42.99. The high I? value suggests that nearly all
observed variance was attributable to real differences
between studies rather than random sampling error.
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Additionally, Cochran’s Q test for homogeneity was
significant (Q(7) = 139.95, p <0.001), confirming substantial
heterogeneity among the studies included. Given these
findings, a random-effects model was appropriately
employed to account for variations between studies [82]. This
high level of heterogeneity underscores the need for further
investigation into potential moderators, such as differences in
study  design, intervention  protocols, participant
characteristics, and outcome measures, which may influence
effect sizes.

Treatment Control Hedges's g Weight

Sludy N Mean SD N Mean SD with 95% CI (%)
Abassi et al. [75] 55 572 986 655 4062 947 | 3 170[ 1.27, 2.14] 12.92
Chang et al. [56] 18 88.58 11.02 18 60.51 15.01 L 2.08[ 1.28, 2.88] 12.52
Chang et al.[80) 16 86.77 3.83 16 6345 3.83 L] 5.94[ 4.33, 7.54] 11.06
Essel etal. [81] 34 811 319 34 652 373 L 4.53[ 363, 542] 12.39
Lee et al. [76] 81 36.14 16.14 111 16.59 1543 | | 124 0.93, 1.55) 13.01
Lin & Ye. [77] 17 76.58 16 17 7066 17.3 ik 0.35[-0.31, 1.01] 1270
Prondoza & Panoy.[78] 35 3314 717 35 3063 6.76 0.36[-0.11, 0.82] 12.90
Riggs [79) 30 135 143 30 833 137 » 364 2.82, 447] 12.49

Overall 2.41[ 1.05, 3.76)

Heterogeneity: 1 = 3.64, I = 97.67%, H' = 42.99
Test of 8 = 6,: Q(7) = 139.95, p = 0.00
Testof 8=0:z=3.48,p=0.00

Random-effects REML model

Fig. 2. Forest plot.

To further explore heterogeneity, a Galbraith plot (Fig. 3)
was used to assess the distribution of effect sizes and identify
potential outliers. The regression line represents the overall
trend of effect sizes, while the 95% Confidence Interval (CI)
band indicates the range within which most studies are
expected to fall. Studies located outside this band suggest
significant deviation from the overall effect, potentially
contributing to heterogeneity. The observed distribution of
data points reveals substantial heterogeneity, as indicated by
the spread of studies far from the regression line and outside
the 95% CI. This finding aligns with the high > = 97.67%
reported in the forest plot (Fig. 2), confirming considerable
variation in effect sizes across studies [83].

15 Galbraith plot
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Fig. 3. Galbraith plot.

Several studies are positioned well above the regression
line, suggesting stronger intervention effects, while others are
closer to the null effect. Notably, a few studies fall outside the
95% CI, indicating potential outliers that may be
disproportionately influencing the overall results. For
example, studies with extreme effect sizes, such as
Chang et al. [80] with Hedges’s g = 5.94, might be driving
the observed heterogeneity. Furthermore, the plot illustrates
the relationship between study precision and effect size.
Studies with higher precision, typically those with larger
sample sizes, cluster near the regression line, whereas those
with lower precision exhibit greater variability. This pattern

is expected, as smaller studies tend to have larger standard
errors, leading to wider dispersion in effect
estimates [84, 85].

To further assess the stability of the findings, a
leave-one-out sensitivity analysis was conducted to evaluate
the robustness of the meta-analysis findings by sequentially
omitting each study and recalculating the pooled effect size
(Hedges’s g) with a 95% Confidence Interval (CI). The
results, presented in Fig. 4, indicate that the overall effect size
remained stable, ranging from 1.96 to 2.71, regardless of
which study was omitted. This consistency suggests that no
single study had a disproportionate influence on the overall
effect size, supporting the robustness of the findings [84].

Hedges's g
Omitted study with 95% CI p-value
Abassi et al.[75] — fe— 2.52[0.96, 4.08] 0.002
Chang et al.[56] ——— 2.46[0.89, 4.03] 0.002
Chang et al.[80] - 1.96[0.79, 3.12] 0.001
Essel et al.[81] & = 210[0.71, 3.49] 0.003
Lee et al.[76] to 2.59[1.06, 4.12] 0.001
Lin & Ye [77] . 2.70[1.28, 4.12] 0.000
Prondoza & Panoy[78] * 2.71[1.29, 4.12] 0.000
Riggs[79] —— 2.23[0.72, 3.74] 0.004

Random-effects REML model

Fig. 4. Leave-one-out sensitivity analysis result.

Statistical significance was maintained across all iterations,
with all p-values remaining below 0.05, reinforcing the
reliability of the observed effect. The lowest effect size was
recorded when Chang et al. [80] was omitted (g = 1.96, 95%
CI [0.79, 3.12], p = 0.001), while the highest effect size
occurred when Prondoza and Panoy [78] were excluded
(g =2.71, 95% CI [1.29, 4.12], p = 0.000). These findings
indicate slight variability but do not suggest that any single
study exerts an undue influence on the overall results.

The results further support the conclusion that the overall
heterogeneity observed in the meta-analysis is not driven by a
single outlier study. Given this stability, there is no
justification for excluding any study from the analysis at this
stage. However, the presence of residual heterogeneity
suggests that  additional subgroup analyses or
meta-regression may be useful in identifying potential
moderating variables contributing to the observed variance.
These additional analyses could help clarify underlying
sources of heterogeneity and enhance the interpretability of
the findings [86].

To assess potential publication bias, a contour-enhanced
funnel plot (Fig. 5) was examined. The plot reveals an
asymmetrical distribution of studies around the estimated
effect size, with a greater concentration of studies on the right
side. This suggests a potential bias favoring larger effect sizes.
Additionally, many studies are located within the light gray
region (p < 5%), indicating high statistical significance, while
few or no studies appear in the non-significant areas,
particularly in the lower left quadrant. This pattern suggests
the possible absence of unpublished studies with smaller or
null effects; a characteristic often associated with publication
bias [87].

The presence of asymmetry and the clustering of studies in
high-significance regions suggest that studies with
non-significant results may be underrepresented in the
literature. However, it is also possible that heterogeneity in
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study methodologies or sample characteristics contributes to
this pattern. To further assess publication bias, additional
statistical tests such as Egger’s regression test and the
Trim-and-Fill method should be conducted to quantify the
extent of bias and adjust the effect size accordingly [57, 88].
While the observed asymmetry raises concerns, further
analysis is required before drawing definitive conclusions
about publication bias.

Contour-enhanced funnel plot

1% <p <5%
5% <p<10%
I p>10%
®  Studies
Estimated 6

Standard error

5 0 5 10 15 2
Hedges's g
Fig. 5. Contour-enhanced funnel plot.

To formally assess small-study effects, Egger’s regression
test was performed. The test examines whether there is
asymmetry in the funnel plot by evaluating the intercept (51)
in a regression model. The results showed a significant
intercept (1 = 8.47, SE = 2317, z = 3.66, p = 0.0003),
providing strong evidence against the null hypothesis
(Ho: f1 = 0) and indicating the presence of small-study
effects.

The statistically significant p-value (< 0.05) suggests that
smaller studies tend to report larger effect sizes, which align
with the asymmetry observed in the funnel plot (Fig. 5). This
pattern is commonly associated with publication bias, where
studies with larger or significant effects are more likely to be
published, while smaller or null results remain
unpublished [89]. Given this evidence, further sensitivity
analyses are necessary to assess the extent of bias and its
potential impact on the overall findings.

To evaluate and adjust for potential publication bias, a
Trim-and-Fill analysis was conducted using a nonparametric
linear estimator within a random-effects model. The analysis
found that no additional studies needed to be removed, as the
number of imputed studies was zero. The observed effect size
remained Hedges’s g = 2.405 (95% CI: [1.052, 3.758]), and
this value was unchanged after the Trim-and-Fill adjustment.

The absence of imputed studies suggests that while
Egger’s test indicated small-study effects, the Trim-and-Fill
method did not detect substantial missing studies on the left
side of the funnel plot, which would suggest negative bias.
This result implies that although some publication bias may
be present, its impact on the overall effect size may not be
severe. However, caution is still warranted in interpreting the
findings, given the significant Egger’s test results [90]. Since
the observed effect size remained unchanged, no further
corrections were necessary. Nonetheless, additional
sensitivity analyses, such as meta-regression, could help
explore other potential sources of bias.

To examine whether the total sample size influenced the
effect size, a meta-regression analysis was conducted. The
results, presented in Table 4, indicate that the coefficient for

total sample size was —0.011 (SE = 0.014, z = —0.78,
p = 0436, 95% CI [-0.039, 0.017]), indicating a small
negative association between sample size and effect size.
However, this relationship was not statistically significant.
The intercept remained significant (B = 3.252, p = 0.012),
suggesting a baseline effect size independent of sample size.

Table 4. Random-effects meta-regression results

. . 95% CI
Predictor Coefficient SE 4 (Lower, Upper)
Total Sample -0.011 0.014 —0.78 0.436 —0.039,0.017
Intercept 3252 1.296 251 0.012 0.712,5.792

Note: Model Fit:
* Residual Heterogeneity: 2 =3.94, = 97.32%
» Test of Residual Homogeneity: Q(6) = 135.89, p <0.001
* R?2=0.00%, Wald x*(1) =0.61, p =0.436

Despite accounting for sample size, residual heterogeneity
remained very high (¢ = 3.94, > = 97.32%). The test for
residual homogeneity (Q(6) = 135.89, p < 0.001) further
confirmed that substantial heterogeneity persisted [91]. The
proportion of variance in effect sizes explained by total
sample size was negligible (R*> = 0.00%), indicating that
sample size did not contribute to explaining the variability in
observed effects.

These findings suggest that the total sample size does not
significantly influence effect sizes in this meta-analysis.
Given persistent heterogeneity, other factors such as study
design differences, intervention characteristics, or
methodological variations may be contributing to the
observed variance. Additionally, the lack of a significant
association between sample size and effect size suggests that
the publication bias detected by Egger’s test is unlikely to be
solely attributed to small-study effects, further emphasizing
the need to explore alternative explanations for the observed
asymmetry.

To further investigate sources of variability, a subgroup
analysis examined the differential effects of Al-driven and
rule-based chatbots on the outcome measure (Table 5). The
results indicated that Al-driven chatbots demonstrated a
significantly larger effect size (Hedges’ g = 2.969, 95% CI:
1.375, 4.563) compared to rule-based chatbots (Hedges’
g =10.815, 95% CI: —0.048, 1.678). The confidence interval
for rule-based chatbots included zero, suggesting a
non-significant effect.

The test of group differences (Qb = 5.42, p = 0.020)
confirmed a statistically significant moderation effect,
indicating that chatbot type influences the observed effect
size. Al-driven chatbots consistently produced higher effect
sizes across studies, with the largest effects observed in
studies by Chang ef al. [80] and Essel et al. [81]. Conversely,

the rule-based subgroup showed weaker and more
inconsistent effects.
Despite  the  significant  subgroup  differences,

heterogeneity remained high in both Al-driven (/2 = 96.30%)
and rule-based (2 = 89.45%) chatbot studies. The overall
heterogeneity (2 = 97.67%) suggests that additional factors,
such as study design and participant characteristics, may
contribute to the observed variability (Table 6). These
findings indicate that Al-driven chatbots are more effective
than rule-based chatbots, and the consistency of this trend
across diverse settings reinforces the validity of the results.
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Group Study Hedges’s g 95% CI (Lower, Upper) Weight (%)
Abbasi et al. [75] 1.703 1.269, 2.137 12.92
Chang et al. [56] 2.084 1.285, 2.884 12.52
Chang, Kuo, and Hwang [80] 5.935 4.332,7.539 11.06
Al-Driven Essel e al. [81] 4.529 3.635, 5.424 12.39
Lin and Ye [77] 0.347 —0.315, 1.008 12.70
Riggs [79] 3.644 2.823,4.465 12.49
Subtotal (Random-Effects) 2.969 1.375,4.563 —
Lee et al. [76] 1.238 0.927, 1.549 13.01
Rule-Based Prondoza and Panoy [78] 0.356 —0.111, 0.823 12.90
Subtotal (Random-Effects) 0.815 —0.048, 1.678 —
Overall 2.405 1.052, 3.758 —
Table 6. Heterogeneity summary Language Processing (NLP) and machine learning
Group Cl) L L L (%) algorithms, ~ demonstrated ~ superior effectiveness
Al-Driven 93.93(5) <0.001 3.748 96.30 S S
Rule-Based  9.48(1) 0.002 0348 89 45 (Hedges’ g=2.97) compared to rule-based chatbots (Hedges
Overall 139.95(7) <0.001 3.638 97.67 g =0.82). These findings highlight the advantage of chatbots

Note: Test of Group Differences: Ob(1) =5.42, p = 0.020

This meta-analysis aimed to assess the impact of chatbot
integration on student performance in science education by
synthesizing findings from multiple empirical studies. Given
the increasing adoption of artificial intelligence in education,
chatbots have emerged as tools that facilitate learning
through  personalized  feedback [92], adaptive
questioning [93], and real-time interactions [94]. However,
their effectiveness in improving academic performance
remains a subject of debate [95], with some studies
highlighting significant gains [96] while others indicate
negligible to little effects relative to user skill [97]. To
systematically evaluate chatbot effectiveness, this study
employed a rigorous meta-analytical approach, aggregating
quantitative data from peer-reviewed research conducted
between 2007 and 2024.

The selection process involved defining strict inclusion
criteria, ensuring that only studies with robust
methodological designs were considered [91]. The primary
focus was on research that explicitly measured student
science performance, employed quasi-experimental designs,
and provided sufficient quantitative data for effect size
computation. Data extraction involved systematically coding
studies based on chatbot type (Al-driven or rule-based),
educational level (elementary, secondary, or tertiary),
scientific discipline (biology, chemistry, physics, etc.), and
methodological rigor (sample size, intervention duration, and
assessment type). Hedges’ g was chosen as the primary effect
size measure due to its correction for small-sample bias [98].
A random-effects model was applied to account for
variations across studies, ensuring that the meta-analysis
captured the diversity in study contexts. Additional statistical
analyses, including tests for publication bias and
heterogeneity assessment, were conducted to validate the
robustness of the findings and minimize the influence of
outliers [99].

The results of the meta-analysis indicate that chatbot
integration in science education has a statistically significant
positive impact on student performance, with an overall
effect size of Hedges’ g =2.41 (p <0.001). This suggests that
students who engaged with chatbot-assisted learning
environments outperformed those who relied solely on
traditional instruction, like the findings of [100] in the
context of language education. The analysis revealed that
Al-driven chatbots, such as those employing Natural

capable of generating dynamic and rich responses to quality
prompts [101] over those limited to preprogrammed outputs,
which may be less flexible in adapting to student needs.

A step-by-step breakdown of how the findings were
derived is essential in understanding the study’s conclusions.
Initially, a comprehensive literature search identified relevant
studies, which were then screened based on eligibility criteria.
Once selected, data extraction was conducted systematically,
ensuring consistency in the coding of key study variables.
The said process aligns with the study of Hachfeld and
Lazarides [102], which conducted an extensive literature
review and data extraction from chatbot research articles.
Effect sizes were calculated for each study, followed by an
aggregation process to compute the overall effect size using a
random-effects model. Heterogeneity was assessed using the
P statistic, revealing significant variability among studies
(2 = 97.67%). This heterogeneity prompted additional
subgroup analyses to explore potential moderators, including
chatbot type, educational level, and assessment methods.
Such factors were explored, like the study of [94], which
explored moderating factors of chatbot impact on learning
performance. The analysis also included sensitivity checks,
such as leave-one-out analysis, to ensure that no single study
disproportionately influenced the overall findings. These
steps collectively reinforced the credibility of the results and
provided a comprehensive understanding of chatbot
effectiveness in science education.

In this study, Al-driven chatbots were found to be more
effective in enhancing student performance in science
education due to their ability to provide real-time
feedback [4], facilitate self-regulated learning [79], and adapt
to individual student needs [103]. These chatbots leverage
machine learning and natural language processing to create
interactive learning environments that promote engagement
and deeper understanding [104]. The effectiveness of
Al-driven chatbots aligns with cognitive load theory, as they
help manage the complexity of scientific concepts by
breaking them into more accessible components, reducing
cognitive  overload, and enhancing information
retention [105].

Studies reporting higher effect sizes often employed
chatbots designed for inquiry-based learning and
problem-solving, supporting constructivist learning theories.
In these cases, students engaged in dynamic conversations
with chatbots, prompting them to ask questions, explore
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alternative explanations, and refine their understanding of
scientific concepts. This chatbot-student interaction fosters
active learning, which has been shown to improve retention
and comprehension compared to passive instruction
methods [106]. Furthermore, Al-driven chatbots can
personalize learning experiences by identifying students’
strengths and weaknesses and adjusting instructional content
accordingly [102]. This adaptability enhances student
motivation and engagement, particularly in self-paced
learning environments.

Conversely, rule-based chatbots, which follow a
fixed-response and predefined mechanism and offer rigid
learning capabilities [107] exhibited lower effectiveness.
Their inability to modify flexible responses based on student
input limited their capacity to support deep learning and
critical thinking skills. While these chatbots can still
reinforce factual knowledge, their lack of flexibility prevents
them from addressing misconceptions effectively or
encouraging students to think critically about complex
scientific concepts. This discrepancy underscores the
importance of chatbot design in maximizing their educational
impact. The success of Al-driven chatbots in science learning
suggests that future developments should prioritize
enhancing adaptability, responsiveness, and interactivity to
optimize learning outcomes [108].

The observed differences in effect sizes across studies can
be attributed to several key factors. First, the target audience
played a significant role in chatbot effectiveness, with
university students benefiting more than younger learners,
consistent with the conclusions of [109]. Supporting the
insights of [110], this may be due to higher digital literacy,
self-regulated learning skills, and the ability to critically
engage with Al-generated content among older students.
University students are also more likely to utilize chatbots for
independent learning, making them particularly well-suited
to self-directed educational technologies.

Second, the impact of chatbots varied across scientific
disciplines. Studies focusing on conceptual sciences such as
biology and chemistry reported greater performance
improvements [111, 112], likely because these subjects
involve structured knowledge that chatbots can reinforce
effectively. In contrast, studies emphasizing computational
sciences, where abstract reasoning and stepwise
problem-solving are crucial, showed smaller gains [113].
This suggests that chatbot effectiveness is subject to the
nature of the scientific content being taught. In highly
structured disciplines, chatbots can serve as effective tutors
by guiding students through well-defined problems [114].,
whereas in more open-ended disciplines, they may be less
capable of facilitating deep understanding without additional
instructional support [4].

Third, chatbot design and implementation influenced their
effectiveness. Studies that integrated chatbots as an integral
part of structured instructional frameworks, such as
providing formative assessments and personalized
explanations, yielded better outcomes than those where
chatbots were merely supplementary tools [115]. In
well-designed implementations, chatbots guided students
through structured learning pathways, adapting responses
based on their level of understanding and helping reinforce
key concepts through iterative questioning and

feedback [116]. This structured integration aligns with best
practices in educational technology, which emphasize the
importance of aligning digital tools with pedagogical
objectives [117].

Lastly, differences in assessment methods contributed to
variability in reported effects. Studies using standardized
exams as performance measures tended to show higher effect
sizes [118], suggesting that chatbot-driven learning is
particularly beneficial in preparing students for formal
assessments. Standardized tests typically assess factual
knowledge and conceptual understanding, areas where
chatbots excel in providing reinforcement and immediate
feedback. However, studies relying on subjective measures,
such as self-reported learning gains, exhibited more modest
results, possibly due to variations in student perceptions of
chatbot effectiveness [119-121]. These discrepancies
indicate that while chatbots can enhance measurable
academic performance, their perceived usefulness may
depend on students’ expectations and prior experiences with
Al-assisted learning.

These findings collectively indicate that while chatbots
hold significant potential as educational tools, their impact is
contingent upon various contextual and implementation
factors [122]. The high variability in outcomes suggests that
chatbot effectiveness is not universal but rather dependent on
how they are designed, integrated into the curriculum, and
aligned with student needs [93]. Moving forward,
educational institutions and developers should consider these
factors when implementing chatbot-assisted learning
strategies to maximize their impact on student performance.
Additionally, further research should explore the long-term
retention effects of chatbot-assisted learning and investigate
how these tools can be optimized to support higher-order
cognitive skills such as critical thinking, problem-solving,
and scientific inquiry.

V. CONCLUSION

The findings of this meta-analysis indicate that chatbot
integration in science education has a statistically significant
and positive effect on student performance. The overall effect
size (Hedges” g = 241, p < 0.001) suggests that
chatbot-assisted learning environments provide notable
advantages over traditional instructional methods. Al-driven
chatbots demonstrate superior effectiveness in facilitating
self-regulated learning, delivering real-time feedback, and
promoting deeper engagement with scientific concepts.
Despite this, variability in effect sizes across studies
highlights the influence of contextual factors such as student
level, subject matter, and chatbot design. While
chatbot-assisted learning has clear potential, its effectiveness
is maximized when implemented within a structured
pedagogical framework tailored to student needs.

However, significant heterogeneity in the results
underscores the need for cautious interpretation. While
chatbots improve factual knowledge retention and learning
efficiency, concerns remain about their limitations in
fostering critical thinking and higher-order cognitive skills.
Rule-based chatbots, which follow rigid response structures,
exhibit weaker effects compared to Al-driven counterparts
capable of dynamic, context-aware interactions. Given these
findings, the role of chatbots in science education should be
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carefully integrated, balancing automation with teacher
guidance to ensure meaningful learning experiences.

Future meta-analyses on chatbot integration in science
education should expand their scope to include a broader
range of chatbot types, scientific disciplines, and educational
settings to provide a more comprehensive understanding of
their effectiveness. Researchers should also examine
long-term effects such as knowledge retention and critical
thinking development to determine the sustainability of
chatbot-assisted learning. Addressing publication bias and
ensuring study quality through rigorous inclusion criteria and
statistical assessments will enhance the reliability of findings.
Investigating moderating factors, such as student
demographics, instructional design, and chatbot adaptability,
can help identify conditions that maximize chatbot
effectiveness. Standardizing outcome measures across
studies will improve comparability and strengthen the
validity of meta-analytic conclusions. Additionally,
promoting open data practices and encouraging replication
studies will contribute to the transparency and robustness of
chatbot research in science education. By addressing these
methodological considerations, future meta-analyses can
provide stronger evidence for chatbot implementation,
guiding educators and policymakers in optimizing their use
for enhanced student learning outcomes.
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