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STEM fields—Science, Technology, Engineering, and Mathematics—play crucial
roles in advancing knowledge, driving innovation, and addressing challenges by
means of several mechanisms including research. Consequently, STEM curricula
in higher education institutions prepare undergraduate students taking these fields
to engage and produce quality research outputs in preparation for their future
careers or roles. The advent of several educational resources help these students
to perform research-related tasks including artificial intelligence. Although Al
use is viewed as inappropriate in doing scholarly works due to concerns about
academic integrity and the fear of losing essential cognitive skills, the growing
Al dependence among STEM undergraduate students is inevitable. In this regard,
the present study seeks to empirically investigate the influence Al dependence
toward students’ research productivity, and the mediating roles of research skills,
disposition, and self-efficacy. Through literature review, a structural model was
proposed and validated. Initially, a research instrument was developed reflective
of the constructs present in the structural model where items were also generated
using literature review. Eventually, an online survey was conducted and recorded
834 valid responses from STEM undergraduate students. Results revealed that
from seven hypotheses proposed in the structural model, six are supported except
the causal path between Al dependence and research productivity. The paths
between Al dependence to research skills, dispositions, and self-efficacy are
supported as well as the paths between these three to research productivity. This
indicates the mediation of research skills, dispositions, and self-efficacy between
the causal path linking Al dependence to research productivity. The findings of
this study imply that strategic integration of Al resources may foster not only skills
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development but also research motivation and confidence, which together could
enhance students’ overall research productivity in STEM fields.
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science education trends, Al in higher education, educational technology, student
research behavior, digital literacy

Introduction

Education systems worldwide have increasingly prioritized
enhancing Science, Technology, Engineering, and Mathematics
(STEM) education to cultivate future-ready skills (Cortes et al., 2023).
In the Philippines, the STEM curriculum prepares students for higher
education and careers in science and technology while developing
problem-solving skills for local and global challenges (Estonanto,
2017). However, inadequate primary science curricula and insufficient
teacher preparation hinder student performance (Bernardo, 2004). In
response to this, curriculum reforms have been proposed (Montebon,
2014), with strengths in the STEM track showing Philippine standards
comparable to those in Japan and the United States (Orale and
Sarmiento, 2016). This is to prepare Filipino graduates for competitive
careers abroad and aligns with national industry needs. In doing so,
one of the preparations is they must engage in research activities to
cultivate critical thinking and problem-solving skills (Cabansag, 2014).

In this regard, research productivity among students, specifically
in the STEM areas, has increasingly drawn attention in the context of
higher education in the Philippines. However, studies show that
students’ researches are often limited as a result of limited resources,
inadequate training support, and lack of exposure and training. For
instance, a study highlighted that a number of undergraduate students
encounter difficulties with research endeavors due to time constraints
and inadequate access to current academic literature and publications,
which eventually hinders their research productivity (Rogayan et al.,
2021). This scenario is not isolated as various studies have also shown
the suboptimal status of students’ research productivity which is
evident based on the reports made by other institutions on students’
low levels of engagement in research activities (Ricardo and Ricardo,
2023; Heng et al., 2020; Bai et al., 2013). In light of these challenges,
institutions explore and integrate various resources and innovations
including providing electronic databases, interactive educational
frameworks, and digital tools, and platforms to improve research
productivity. These tools encourage peer support and facilitate
information access to foster a productive research culture among
STEM undergraduates (Mustafakulov, 2023).

Nowadays, Artificial Intelligence (AI) has also been increasingly
recognized as one of the resources in doing research and a
revolutionary force in academia which reshapes educational and
research practices. It serves as a notable digital tool for STEM
undergraduate students in their studies. Overtime, students maximize
the use of Als for research endeavors leading to AI dependence. The
latter refers to the reliance on Al technologies for tasks, decisions, and
validation in research contexts for emotional reliance, minimizing
performance anxiety, and external validation (Seo et al., 2021). AI
tools like ChatGPT, Jenni, Co-pilot, citation managers like Zotero,
data analysis software like SPSS, and collaborative platforms like
Google Docs, have been increasingly adopted by students to enhance
their research productivity. While these tools improve efficiency in
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data processing and access to information, they also present
drawbacks, such as a decline in critical thinking and independent
research skills and feeling of insecurity when not using these
technologies as reported by several authors (e.g., Ahmad et al., 2023;
Necula, 2024). Moreover, some educators and students view Al use as
inappropriate in doing scholarly works due to concerns about
academic integrity and the fear of losing essential cognitive skills (Lin
and Chen, 2024).

Despite the aforementioned drawbacks of Als, there is a growing
dependence toward these resources among students. Hence, it is
timely to examine how Al tools influence research productivity and
even affect their research skills, disposition, and self-efficacy to guide
policies and practice, and contribute to the growing literature
concerning the importance of Als to research. In particular, this study
aims to (1) develop a conceptual model demonstrating how Al
dependence contributes to the STEM undergraduate students’
research skills, self-efficacy, disposition, and ultimately productivity;
and, (2) validate the conceptual model with empirical data using
Structural Equation Modeling (SEM). The aim is to offer theoretical
contribution and practical insights among higher education
institutions in advancing understanding of how AI dependence
influences research productivity. The knowledge gained from this
work can also help create an enabling environment for undergraduate
STEM student researchers who will be proactively engaged in
conducting scholarly works, and minimize reluctance and stigma
among students to use Als in research if proven beneficial.

Literature review and hypothesis
development

Al dependence as antecedent of research
skills, disposition, and self-efficacy

Al Dependence can be conceptualized as a propensity or need to
overly rely on automated systems for decisions, tasks, or validation
(Zhai et al., 2024; Seo et al.,, 2021). While AI tools can streamline
research tasks (e.g., data processing and literature review), there is a
concern about over-reliance because it may erode traditional research
skills, such as critical thinking and manual data evaluation (Wagner
et al,, 2021). Nevertheless, Als increasing role in research is evident
prompting significant examination of its implications on research
skills development. As evidence, several studies pointed out that
reliance on Al could develop research skills such as managing catalogs,
descriptor books, and bibliographic records, and improving efficiency
of information retrieval and metadata generation (e.g., UNESCO,
2023; Lund and Wang, 2023; Lund et al., 2024; Andersdotter, 2023).

Jagner et al. (2021) further noted that AI-driven systems can help
analyze previous research findings and suggest potential avenues for
exploration, thereby helping researchers to develop skill in hypothesis

frontiersin.org


https://doi.org/10.3389/feduc.2025.1535466
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Buniel et al.

development. Als also allow predictive modeling and statistical
analysis, thus, providing researchers with additional skills, particularly
on deepening their insights and formulating research conclusions
(Ahmad et al.,, 2023). Thus, the following hypothesis is proposed:

H,: STEM undergraduate students’ AI dependence positively and
significantly influences their research skills.

Studies also show that reliance toward Al fosters greater student
engagement and alleviates initial anxieties around research by
enhancing students’ sense of accomplishment and encouraging active
participation in research tasks (Nguyen et al., 2024; Fosner, 2024). As
a result, this could lead to a positive disposition toward research
(Damianus et al, 2019). It is defined as an individual’s unique
combination of tendencies to act and is influenced by personal
attitudes and environmental factors, both of which shape behaviors in
research. In the same manner, Hemmings and Kaya (2015) found that
the support for writing tasks, such as Al tools result to substantial
impact on students’ positive behavior and disposition toward research.
In line with this, it is posited that:

H,: STEM undergraduate students’ Al dependence positively and
significantly influences their research disposition.

Although it may undermine critical thinking and cognitive skills,
its application in data analysis, decision-making, and information
retrieval promotes efficiency and offers potential benefits in enhancing
learning experiences. These AI applications could eventually
contribute in developing research self-efficacy (Mah and Grof3, 2024).
It is as an individual’s beliefs in his or her ability to successfully engage
in research-related tasks (Livinti and Iliescu, 2021). Students who
believe in their research abilities are more likely to embrace challenges
and persist through difficulties, meaning high levels of self-efficacy
encourage students and researchers to set ambitious goals and take
ownership of their projects, fostering innovation and discovery
(Bejtic, 2024). Research self-efficacy, therefore, develops competent
and confident researchers as it empowers them to navigate the
complexities of academic inquiry effectively. Hence, the hypothesis
below is proposed:

H;: STEM undergraduate students’ AT dependence positively and
significantly influences their research self-efficacy.

Research skills, disposition, and
self-efficacy as antecedents of research
productivity

Research skills are essential for academic success and
significantly impact research productivity in higher education
(Vieno et al., 2022). These skills, defined as a set of teachable and
actionable tasks encompassing the establishment of facts,
hypothesis formation, data collection, and analysis (Laidlaw et al.,
2012), have been shown to influence positively with research
productivity (Tahsildar and Hasani, 2021). For instance, Patricio
(2022) found that research writing and collaborative sKkills
significantly impacted the quality of research output among
students, linking skill improvement with higher output quality.
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Conversely, moderate skill levels may hinder productivity
(Tahsildar and Hasani, 2021). Therefore, addressing challenges
faced by academics, including time constraints and perceived
deficiencies in research skills (Alvarez-Ochoa et al., 2022), can lead
to improved research productivity. This finding reinforces the
notion that research skills especially in data analysis, academic
writing, and collaboration are crucial for producing high-quality
research. Therefore, this study proposes that:

H,: STEM undergraduate students’ research skills positively and
significantly influence their research productivity.

Research disposition is another potential predictor of research
productivity. It refers to individual’s attitude, confidence, and
motivation toward engaging in research activities, which includes
their interest, enjoyment, and belief in their ability to succeed in
research tasks (Papanastasiou, 2005). This disposition emerges from
the dynamic interaction between an individual and their environment,
where personal factors such as satisfaction with research and the
importance placed on it shape one aspect of the relationship.
Meanwhile, environmental influences, like the availability of time due
to academic demands, highlight the external component of this
interaction (Hemmings and Kaya, 2015). Empirical studies affirm that
students who exhibit positive research dispositions are more likely to
meet research-related deadlines, maintain quality in their research
output, and manage time effectively to balance research with other
academic demands (e.g., Atieno et al., 2021; Albert et al., 2018). This
relationship emphasizes the value of nurturing intrinsic motivation
and a positive disposition toward research, as these attitudes drive
consistent effort in data gathering, analysis, and task completion,
which are essential for research productivity and overall academic
success (Prado, 2019; Vereijken et al., 2018; Whipple et al., 2015).
Thus, it is posited that:

H;: STEM undergraduate students’ research disposition positively
and significantly influences their research productivity.

Research self-efficacy—the belief in one’s ability to effectively
perform research-related tasks—plays a crucial role in motivating
engagement and persistence in research activities (Gaoat, 2022;
Forester et al., 2004). It influences why researchers undertake specific
tasks and the level of effort they invest when confronted with
challenges, as high self-efficacy encourages them to set ambitious
goals and take ownership of their projects, thereby fostering
innovation and discovery (Bejtic, 2024). It is particularly relevant in
academic settings as it significantly influences with research
productivity. Students with strong research self-efficacy are often more
productive, emphasizing how confidence in research capabilities is a
significant predictor of research engagement and output (Pasupathy
and Siwatu, 2014). Empirical research further supports a direct
relationship between research self-efficacy and expected research
outcomes, as evidenced by Bieschke (2006), who found that higher
research self-efficacy leads to greater expectations of success. This
underscores how self-efficacy shapes researchers attitudes toward
anticipated outcomes. In view of this, it is hypothesized that:

Hg: STEM undergraduate students’ research self-efficacy positively
and significantly influences their research productivity.
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Al dependence and research productivity

While over-relying on Als could risk diminishing critical research
skills, the use of Al in research is increasingly recognized for its ability
to improve research productivity and ease workloads (Dwivedi et al.,
2021). Al tools reduce drafting time and enhance writers’ confidence,
making it easier for researchers to stay engaged in their work (Bouzar
etal., 2024). Bonsay et al. (2021) also explain that AIs’ integration in
academic settings can help overcome typical research productivity
hurdles by automating time-consuming or complex tasks. Al tools
have the potential to reduce the time required in composing academic
manuscripts, while allowing writers to focus more on developing
deeper and more substantial ideas and arguments (Baidoo-Anu and
Ansah, 2023; Santos and Santos, 2015). This has accelerated the
writing process, reduced workload, and enhanced efficiency in various
fields, including academic writing (Zhao et al., 2024; Yang and Bai,
2020). Als free academics from repetitive processes, empowering
them to produce higher-quality work and share knowledge more
broadly, and ensuring research productivity. Thus, it is posited that:

H;: STEM undergraduate students’ AI dependence positively and
significantly influences research productivity.

In summary, the research hypotheses are illustrated into a
conceptual framework as presented in Figure 1.

Research methodology
Data and sample

This study was conducted to explore the influence of Al
dependence on research skills, self-efficacy, dispositions, and
productivity among undergraduate students in STEM fields. This
study utilized mixed-methods sequential exploratory design to
develop and validate the proposed structural model. SEM studies use
a mixed-methods sequential exploratory design to ensure constructs
are theoretically grounded and empirically validated. The qualitative

10.3389/feduc.2025.1535466

phase helps identify key constructs and develop measurement items,
which can be done through interviews, focus groups, or literature
reviews. These are then refined through confirmatory factor analysis
in the quantitative phase. This approach strengthens the
measurement model’s validity and reliability before testing causal
relationships in SEM. In the present study, literature review was
initially conducted and served as the qualitative phase to identify key
constructs and generate hypotheses. These qualitative data are
presented in the literature review section and were subsequently used
and combined to propose the hypotheses and a conceptual
framework or structural model (see Figure 1). To validate the
structural model quantitatively, a survey was administered among
STEM undergraduate students enrolled in a higher education
institution in the Philippines. The survey was done following
convenience sampling technique because of its practicality and cost-
effectiveness. To recruit participants, a survey link was shared on
university social media groups, STEM forums, and institutional
platforms. The researchers also collaborated with faculty members
and student organizations for wider distribution. The participants
were ensured to meet the inclusion criteria by using screening
questions and obtaining informed consent before they proceeded
answering. Additionally, participants were encouraged to share the
survey with eligible peers. The inclusion criteria include the
following: (a) students agreed that their responses be used for
research and publication purposes, (b) currently enrolled in any
STEM undergraduate degree program, (c) conducted any research
project, and (d) utilized AI tools for research. Table 1 shows the
distribution of students when grouped according to demographic
and academic profile. The table presents the demographic
distribution of 834 undergraduate STEM students by age, sex, year
level, and degree program. Most students are aged 18-22, with
18-year-olds being the largest group (24.58%), while 7.79% are 24
and above. Males slightly outnumber females (52.88 vs. 47.12%).
First-year students make up the largest cohort (44.48%). Information
Technology (28.54%), Industrial Technology (24.82%), and
Computer Science (24.34%) make the most respondents, while
Mathematics Education and Technology and Livelihood Education
have the fewest respondents. Meanwhile, Table 2 presents the

Al
Dependence

Research
Skills

Research
Disposition

Research Self-
efficacy

Research
Productivity

FIGURE 1
Proposed conceptual framework.
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TABLE 1 Distribution of undergraduate STEM students when grouped
according to age, sex, year level, and degree program enrolled (n = 834).

Profile Category n %
Age (Years) 18 205 24.58
19 160 19.18
20 128 15.35
21 135 16.19
22 112 13.43

23 29 3.48

24 and above 65 7.79
Sex Male 441 52.88
Female 393 47.12
Year level Ist 371 44.48
2nd 209 25.06
3rd 144 17.27
4th 110 13.19
Degree program Information technology 238 28.54
Computer science 203 24.34

Mathematics education 29 3.48

Science education 44 5.28
Industrial technology 207 24.82

Technology and 22

livelihood jlication 64
Computer engineering 91 10.91

TABLE 2 Distribution of Als used by students in research per category of
function.

Category Al n %
Reference Zotero 19 2.28
management Endnote 19 2.28
Mendeley 22 2.64
Scite.ai 29 3.48
Writing assistance Grammarly 259 31.06
SciSpace 17 2.04
Overleaf 11 1.32
ChatGPT 524 62.83
Literature review Iris.ai 24 2.88
Connected Papers 37 4.44
Meta (formerly 79
MetaScience) 947
Scholarcy 64 7.67
Google Scholar 310 37.17
Semantic Scholar 29 3.48
Microsoft Academic 62 7.43
VOSviewer 10 1.20
Rayyan 12 1.44
Others 198 23.74
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distribution of students according to the Als they used, where more
than half reported to have used ChatGPT.

Research instruments

The instrument consists of three parts. The first part indicates the
informed consent form which states the background, possible risks,
discomforts, confidentiality and benefits of the study. The statements
included in this section were subject for review and approval of the
students. The second part inquired about their demographic and
academic profiles, including sex, year level, STEM course or
undergraduate degree enrolled, and age. Moreover, this part asked the
students whether they were required to do research or not. This serves
as a preliminary filter question, whereby those who responded “Yes”
were considered as eligible participants. They were also asked to
identify the type of Al they used. The third and final part assessed
STEM undergraduate students’ perceived levels of Al dependence,
research skills, research disposition, research self-efficacy, and research
productivity. These constructs were operationally defined through a
literature review to generate the items. Table 3 presents the five
constructs of the instrument along with their corresponding items and
sources. The constructs vary in the number of items assigned, ranging
from four items for research disposition and research productivity to
eight items for research skills. All items were evaluated using a five-
point Likert scale, where 1 represents “strongly disagree” and 5
represents “strongly agree.”

Data gathering procedure

The researchers distributed the survey questionnaire through
Google Form, with access provided through a link shared from August
until October 2024, across multiple communication platforms,
including email and messaging services. Prior to sharing the link, the
researchers adhered to the ethical standards outlined by the University
Research and Development Office, ensuring that all procedures before,
during, and after data collection met ethical guidelines. Specifically,
participants received detailed information about the study and were
asked to review and sign a consent section, which stated: “T have read
this form and decided to participate in the study as described above.
Its general purposes, involvement specifics, possible risks, and benefits
have been satisfactorily explained. I understand I may withdraw at any
time and have received a copy of this form” Only students who
provided signed consent received the Google Form link. Furthermore,
data gathered through the survey were handled with strict
confidentiality and utilized solely for research and publication
purposes. The collected data were then subjected to statistical
treatment.

Data analysis

This study employed SPSS version 26 and AMOS 26.0 for data
analysis. Descriptive statistics were utilized to summarize categorical
data obtained from the survey, while Confirmatory Factor Analysis
(CFA) was conducted to validate the measurement model and
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TABLE 3 Constructs of the instruments with the items assigned and their corresponding sources.

Construct Item code and statement No. of items = References
AT dependence AID1. I feel protected when I have access to AL 5 Morales-Garcia
AID2. I am concerned about the idea of being left behind in my tasks or projects if I do not use AL etal. (2024)
AID3. I do everything possible to stay updated with AI to impress or remain relevant in my field
AIDA4. I constantly need validation or feedback from Al systems to feel confident in my decisions.
AID5. I fear that AT might replace my current skills or abilities
Research skills RS1. Use of catalogs, descriptor books and bibliographic records 8 Ipanaque-Zapata
RS2. Formulation of a scientific problem, research objectives, and research hypotheses et al. (2023)
RS3. Selection of the population, the sample, and the type of sampling to be used
RS4. Selection, development, and application of methods, techniques, and instruments
RS5. Analysis and processing of information through different statistical techniques
RS6. Interpretation and discussion of results presented in tables and graphs
RS7. Drawing up conclusions and recommendations
RS8. Writing final research reports
Research RD1. I enjoy research. 4 Papanastasiou
dispositions RD2. I love research. (2014)
RD3. I find research interesting.
RD4. Research is pleasant.
Research self- RSEL. I'am confident to develop research questions. 5 Manitzas Hill et al.
efficacy RSE2. I feel capable to design a study. (2022) and Wester
RSE3. I feel capable to collect data. etal. (2019)
RSE4. I am confident to analyze research data.
RSE5. I'am confident to clearly communicate the findings of my research.
Research RP1. I am consistent in meeting deadlines for research-related tasks. 4 Pires da Costa et al.
productivity RP2. I produce quality research output. (2024), Obuku et al.
RP3. I am able to efficiently gather and analyze data for my research projects. (2018), and Morales
RP4. I effectively manage my time to balance research with other academic responsibilities. etal. (2017)

eventually establish its construct validity, internal consistency and
dimensionality. Fornell-Larcker criterion served as reference to
provide evidence of its discriminant validity. Lastly, Structural
Equation Modeling (SEM) was performed to evaluate the structural
model and test the hypothesized relationships.

Results
Measurement model assessment

The CFA was conducted using the maximum likelihood method,
which is chosen for its asymptomatic efficiency in studies with large
sample sizes (Tarima and Flournoy, 2019). Initially, the t-values and
Standardized Factor Loading (SFL) for each item in the scale were
evaluated to support the analysis of the model’s overall data fit. The
observed t-values ranged from 19.410 (AID4) to 36.480 (RSE4), and
the SFLs ranged from 0.688 (RS1) to 0.895 (RD2) (see Figure 2 and
Table 4). According to the recommendations by Hair et al. (2009) and
Kline (2016), t-values should reach a cut-off value of >1.96, and SFLs
should reach <0.5, hence, all these items were retained. Subsequently,
the five Goodness of Fit Indices (GFIs) were examined to evaluate the
overall measurement model fit. These are shown in Table 5 alongside
the proposed acceptable threshold values as suggested by Hair et al.
(2009) and the actual values derived from the analysis. Notably, all five
fit indices indicate an acceptable model fit after correlating items with
high covariance values.

Frontiers in Education

06

The convergent validity and internal consistency of the
measurement model were eventually examined and presented in
Table 4 using SFLs and composite reliability (CR), respectively. Gefen
et al. (2000) and Hair et al. (2009) recommended that the minimum
threshold value for both SFL and CR is >0.5. Both psychometric
properties are established. As evidence, no SFL and CR have values
lower than the proposed threshold. Finally, discriminant validity was
assessed using the Fornell-Larcker criterion, which requires that the
square root of the average variance extracted (\/ AVE) for a construct
be higher than the construct’s correlation with any other construct.
This ensures that the constructs are unique from each other. Table 6
shows the results of discriminant validity analysis, where \/ AVE for
each of the five constructs consistently exceeds the correlation
coefficients where it is correlated.

Structural model assessment

Structural model and hypotheses testing was conducted using
SEM to assess the validity of the proposed structural model. As shown
in Table 6 and Figure 3, six hypotheses were supported. Specifically,
Al dependence positively and significantly influenced research skills
(PH, = 0.644, t=14.639, p=0.000 < 0.001), research disposition
(pH, = 0.646, t = 15.193, p = 0.000 < 0.001), and research self-efficacy
(pH; = 0.670, t = 15.563, p = 0.000 < 0.001), explaining 64, 65 and
67%, respectively, of their variance. Additionally, research skills
(fH,=0.233, t=7.238, p=0.000<0.001), research disposition
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FIGURE 2
Confirmatory factor analysis results.

(pHs = 0.166, t = 5.259, p = 0.000 < 0.001), and research self-efficacy
(pHs = 0.709, t = 17.518, p = 0.000 < 0.001) positively and significantly
influenced research productivity, collectively explaining 80% of its
variance. However, Al dependence (fH,, = —0.044, t=—0.895,
p=0.371>0.001) did not show a significant influence on research

Frontiers in Education

productivity. This means that research skills, research disposition, and
research self-efficacy mediate the relationship between Al dependence
and research productivity. Figure 4 presents the final structural model
with causal link between AI dependence and research productivity
removed (Table 7).
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TABLE 4 Convergent validity and internal consistency results of the measurement model.

Constructs t-value Composite
reliability
Al dependence (AID) AID1 19.561 0.758 0.582 0.762 0.874
AID2 19.437 0.753
AID3 21.953 0.856
AID4 19.410 0.752
AID5 0.686
Research skills (RS) RS1 20.605 0.688 0.607 0.779 0.925
RS2 22.654 0.745
RS3 23.624 0.77
RS4 24.959 0.811
RS5 25.925 0.835
RS6 24.764 0.802
RS7 28.275 0.793
RS8 0.777
Research disposition (RD) RD1 31.625 0.879 0.730 0.854 0.915
RD2 32.496 0.895
RD3 31.295 0.802
RD4 0.838
Research self-efficacy (RSE) RSE1 28.125 0.82 0.689 0.830 0.917
RSE2 29.681 0.85
RSE3 27.049 0.799
RSE4 36.480 0.855
RSE5 0.825
Research productivity (RP) RP1 27.153 0.796 0.697 0.835 0.902
RP2 31.541 0.877
RP3 29.064 0.832
RP4 0.833

TABLE 5 Measurement model data fit indices results.

Model fit indices Proposed threshold = Source Resulting value before Resulting value after
value modification modification

CFI > 0.90 Hair et al. (2009) 0.958 0.971

TLI >0.90 Hair et al. (2009) 0.953 0.967

RMSEA <0.08 Hair et al. (2009) 0.054 0.046

SRMR <0.08 Hair et al. (2009) 0.0304 0.0286

Chi-square/df Ratio <3.00 Hair et al. (2009) 3.459 2.726

TABLE 6 Discriminant validity results (Fornell-Larcker criterion).

Variable AID RS RD RSE RP

AID 0.762

RS 0.004 0.779

RD 0.054 0.594 0.854

RSE 0.046 0.693 0.749 0.830

RP 0.032 0.686 0.692 0.822 0.835

Square root of AVE is shown on the diagonal of the matrix in bold; inter-construct correlation is shown off the diagonal.
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FIGURE 3
Structural equation modeling results.

Discussion

Given the growing dependence of STEM undergraduate students
in Al tools as resources to conducting research, the present study seeks
to determine how use of these tools shapes their research skills,
dispositions, self-efficacy, and ultimately productivity. The proposed
structural model is anchored from existing literature emphasizing how
Als contribute to research. The limited insights in the domain
literature calls for an empirical validation of the proposed hypotheses
in the structural model to guide policy and practice, and contribute a
theory regarding AI dependence and research.

The results revealed that AI Dependence positively and significantly
influence research skills (H, ), thus, supporting previous research findings
(e.g, UNESCO, 2023; Lund and Wang, 2023; Lund et al, 2024;
Andersdotter, 2023). This means the students who rely on Al tools
enhances their research skills across multiple stages such as formulating
scientific problems and hypotheses, performing literature review,
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analyzing and interpreting data, writing, and referencing. This further
explains that STEM undergraduate students’ Als dependence enable them
to quickly summarize relevant studies and highlight critical findings,
thereby building a solid foundation for their hypotheses. With Als,
students conveniently do literature review by automating searches,
screening relevant studies, summarizing key findings, and identifying
research gaps, thereby improving efficiency and allowing researchers to
focus on critical analysis and synthesis. Furthermore, in data analysis,
students are able to manage extensive datasets and do predictive analytics
with the help of Als, which improves the interpretation of results and
helps refine hypotheses. Lastly, Als streamline the referencing process by
automatically generating accurate citations, upholding student academic
integrity. Overall, while there are challenges associated with Als, its
integration empowers STEM undergraduate students to work more
efficiently and effectively in their research activities.

Similarly, H, is also supported. Utilizing AI tools to reshape
students’ attitudes toward research significantly enhances engagement
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FIGURE 4

Final structural model.

TABLE 7 Structural model estimates.

Hypothesized path Standardized beta t-value p-value Decision
H, AID — RS 0.644 14.639 s Supported
H, AID = RD 0.646 15.193 Hork Supported
H, AID — RSE 0.670 15.563 o Supported
H, RS — RP 0.233 7.238 s Supported
H; RD — RP 0.166 5.259 A Supported
Hg RSE — RP 0.709 17.518 o Supported
H, AID — RP —0.044 —-0.895 0.371 Rejected

*#* means 0.000.

and learning, as reported by several studies (e.g., Darwin et al., 2023;
Walter, 2024). It provides access to a wealth of academic resources,
making research tasks less intimidating and encouraging a proactive
approach. This accessibility allows STEM undergraduate students to
focus on analysis rather than merely data gathering, thus, fostering
deeper engagement with their work. Further, its adaptive features
create personalized learning paths, which eventually caters individual
needs and boosts confidence in dealing challenging research tasks. As
Woolf et al. (2013) emphasized, Als ability to recommend relevant
resources encourages students to delve deeper into their research
works leading to enhancing both their understanding and retention.

Moreover, integrating Als in research works promotes students’
wellbeing by reducing their academic stress. Many students express
high satisfaction with its capacity to personalize and simplify their
learning experiences, particularly when they see its practical benefits
firsthand. This positive disposition cultivates openness to Als as
valuable tools in research, reinforcing the findings of Almufarreh
(2024) and Adair (2023). Additionally, AT can facilitate collaboration
among students, enriching their learning experiences through peer
review and group projects. This collaborative aspect promotes
community, social skills, and more importantly positive disposition
toward research as a shared endeavor. In other words, Als integration
in education transforms how students engage with research tasks,
fostering a more inclusive, efficient, and dynamic learning
environment leading to developing a better research disposition.

The hypothesis on AI dependence positively and significantly
influencing STEM undergraduate students’ research self-efficacy is
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also supported (H;). The capacity of Als to streamline complex tasks
and provide precise insights makes them an essential tool in
supporting research self-efficacy which is an important construct in
academic development (Livinti and Iliescu, 2021). For STEM
undergraduate students where the requirements for conducting
research projects is substantial, it is essential as it encourages them to
engage in challenging research projects, persist through adversities,
and foster innovation (Bejtic, 2024). AIs’ balanced integration in
research offers structured support, thus, helping them develop both
the confidence and competence needed to navigate the complexities
of academic inquiry effectively. Al dependence as an increasing
reliance on Al tools for tasks such as data analysis, decision-making,
and information retrieval can enhance research self-efficacy by
providing students with tools that simplify complex research tasks
(Zhai et al., 2024). This supports the idea that AI dependence
positively influences research self-efficacy as shown in the results. By
making processes more efficient, Als can reduce some of the barriers
associated with challenging research projects, thus allowing students
to focus on higher-level thinking and build confidence in their abilities
to manage these tasks. This sense of support and efficiency can
contribute to a stronger belief in their research capabilities, supporting
the development of research self-efficacy (Mah and Grofi, 2024). In
turn, students’ dependence on Al influences research self-efficacy
letting students set higher goals for themselves and are more likely to
intend to perform more challenging tasks.

The findings then indicate that research skills serve as a strong
predictor of research productivity, highlighting their critical role in
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producing high-quality outputs (Vieno et al., 2022). Hence, H, is
supported. Students with well-developed competencies in critical
thinking, data analysis, and academic writing are more adept and
better equipped in defining precise research questions, selecting
appropriate methodologies, and interpreting findings accurately. This
supports the findings of Carter et al. (2016), which showed that
students with established research competencies produced higher-
quality outputs and achieved more reliable outcomes, which supports
increased productivity (Alsaleh, 2020). Additionally, effective
communication skills also enhance the clarity and impact of research
findings, increasing their potential for productive output (Schmid
etal,, 2023). Beyond these technical skills, the capacity to manage time
and resources effectively, along with researchers’ confidence in their
skills, creates a positive feedback loop. As students develop and apply
their research skills, they gain confidence and become more inclined
to tackle new challenges, promoting further productivity (Mydin
etal., 2021). This cycle of skill development and application not only
contributes to increased productivity but also reinforces the essential
capabilities of the student researcher that drive each stage of making
good quality research (Tahsildar and Hasani, 2021). Ultimately, the
influence of research skills to research output quality suggests that
targeted skill-building interventions could significantly enhance
students’ research productivity (Azmi and Daud, 2019; George-Reyes
etal., 2023).

Research disposition is also found out to have a significant and
positive influence on students’ research productivity, thus, supporting
H;s. When STEM undergraduate students feel engaged with research,
they are more likely to put in the time and effort needed, seeing
challenges as opportunities for growth rather than obstacles. This
aligns to previous studies reporting that when students are interested
and enjoy engaging research, they are more likely to increase the
chances of succeeding research tasks (e.g., Atieno et al., 2021; Albert
et al,, 2018; Papanastasiou, 2005). In addition, encouraging intrinsic
motivation and a positive attitude toward research is essential, as these
qualities drive consistent effort in research-related tasks which are
crucial for research productivity (Prado, 2019; Vereijken et al., 2018;
Whipple et al., 2015). This motivation and attitude encourage students
to look for resources, work with peers, and learn new skills, which
makes their research performance more effective. Salainti (2024) also
suggests that a positive mindset builds confidence, reducing hesitation
and self-doubt, which leads to more consistent progress. In other
words, students who experience self-doubt, especially in their early
academic experiences, may struggle to engage fully with their research
tasks, hindering their productivity. Therefore, a positive research
disposition can lead to improved research outcomes and
greater productivity.

Results showed that students’ research self-efficacy is associated
with their research productivity, corroborating the findings of Woo
et al. (2024) and supporting He. Several aspects of the students’
research self-efficacy likely influence their research productivity,
including confidence in skill application, motivation and goal setting,
and effective feedback-seeking and collaboration. High self-efficacy
fosters tenacity and sustained productivity, particularly when students
are provided with opportunities for growth and innovation such as in
formulating hypotheses, designing studies, collecting data, and
analyzing results. Research is fraught with setbacks, challenges and
uncertainties. However, students with high self-efficacy view
challenges as learning opportunities rather than threats. This
empowers them to be resilient, which is critical for maintaining
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consistent productivity over time as reiterated in the study of Cassidy
(2015). Self-efficacious students are more motivated to set ambitious
goals and effectively manage their time, resulting in improved
organization and higher quality outputs. Their inclination to seek
feedback from advisors and collaborate with peers further enhances
their research efforts, thereby accelerating progress and productivity.
Additionally, research self-efficacy alleviates stress and minimizes
delays since students who trust their abilities are less likely to
procrastinate tasks due to fear of failure (Forester et al, 2004;
Pasupathy and Siwatu, 2014). Overall, research self-efficacy cultivates
resilience, motivation, collaboration, and confidence. These are the
elements which contribute to achieving and maintaining high levels
of research productivity among students.

Finally, the most critical finding of this study is the unsupported
relationship between AI dependence and STEM undergraduate
student’s research productivity (H;). It supports previous research
findings of Yi et al. (2024). The lack of positive influence may stem
from several factors such as spread of misinformation and flawed
research outcomes, increased laziness (Lund et al., 2024), reduction in
critical thinking skills, and loss of independent thinking (Ahmad
et al., 2023). Moreover, Als may have the potential to significantly
increase research productivity, but this potential still depends on the
mediation of research skills, disposition, and self-efficacy. The results
posit that these three mediators are influenced by AI dependence and
consequently improve research output as the causal link between Al
dependence and research productivity is not supported. For example,
students who are able to traverse AI systems more effectively,
eventually possess good research skills (e.g., information retrieval and
processing). Similarly, students who are likely to see Als as useful tools
or resources rather than replacements of their talents or skills develops
positive research disposition and self-efficacy (Liang et al., 2023;
Collins et al., 2021). Without these mediators, relying only on Als
alone is unlikely to provide favorable effects in research productivity
and may just potentially affect critical thinking and creativity. As the
results suggest, the research skills, disposition and self-efficacy
improve research productivity. This further shows that although Als
can streamline processes and increase efficiency, the quality of
research outputs still relies on students’ research competence. If they
lack the right amount of research skills, confidence in their research
abilities, and attitudes and values toward research, productivity can
still suffer even if Als are available.

Conclusion

The study examines the role of STEM undergraduate students Al
dependence in influencing research productivity. Findings show that
Al dependence alone does not significantly impact productivity.
However, it reveals that Als dependence influence the development of
research skills, disposition, and self-efficacy, and eventually, these
factors are key drivers or predictors of research productivity. These
findings highlight the role of Als as a supportive tool in fostering
research competencies rather than a direct catalyst for research
productivity. In this regard, these findings offer theoretical, policy, and
practical implications.

First, it emphasizes that AI dependence supports the development
of research skills, research disposition, and self-efficacy. While,
research skills, research disposition, and self-efficacy serve as
predictors of research productivity. As these factors significantly
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impact students’ research productivity, evidently, there is growing
reliance on Al tools among students. This means that the way they
approach research has changed. They gain support on research by
modernizing processes of gathering data, reviewing the literature and
among others through Als integration. Additionally, Als allow
students to focus on higher-level thinking and analysis, making
learning deeper and more meaningful. The developed theory in this
study also helps explain how students’ research skills, disposition, and
attitudes developed through AI influence research productivity. Its
assistance in performing research-related tasks generally helps
students feel more capable of doing research.

Second, in terms of the implication of the study to policy-making,
on a practical level, there is a need for policies that encourage the use
of Als in schools and universities. Educational institutions could
consider including Als literacy as a standard part of the curriculum,
so students could acquire knowledge on how to use these tools
effectively and responsibly. Policymakers could also address access
issues, ensuring that all students, regardless of their background,
benefit from Al resources. In addition, if the educators are trained on
Al use, it could foster a supportive environment where students learn
to use Als not just as a simplified way or shortcut, but as a tool for
probing knowledge, providing deeper engagement with research.
With the benefits brought by Als, come challenges and threats to
academic integrity. While Als can make research more efficient, there
are risks of over-dependence, and concerns about ethical use,
including plagiarism. Policies should focus on guiding students to use
Als as complement to, not a replacement for, their intellectual
engagement, emphasizing the importance of critical thinking
alongside Al support.

Finally, on the practice of Al use. Students’ motivation and general
study experience will greatly benefit from AIs’ capacity to personalize
research and make it seem less daunting. A collaborative research
approach where students feel linked to their work and to one another
could be fostered by policies that support the adaptive and exploratory
use of Als. By making research more accessible and less intimidating,
Als have the potential to shape a learning environment that is
inclusive, engaging, and empowering for all students by lowering the
barrier to research and making it more approachable.

Future directions

Future research should build on the findings of this study by
incorporating longitudinal and experimental designs to strengthen
causal interpretations, as a longitudinal approach would track changes
in Al dependence and research productivity over time, while
experimental studies could manipulate AT usage conditions to assess
direct effects. Additionally, to mitigate biases associated with self-
reported data, future studies should integrate objective measures of
research productivity, such as the number of publications, citations,
journal impact factors, and research engagement metrics. A mixed-
methods approach, combining self-reports with objective indicators,
would enhance the reliability of findings. Furthermore, considering
the broad age range and the high proportion of first-year students in
the sample, future research should explore academic level as a
moderating factor or conduct subgroup analyses to examine how Al
dependence influences research productivity across different student
cohorts. It is also crucial to examine the potential negative effects of
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AI dependence, such as reduced critical thinking, increased risk of
plagiarism, and over-reliance on technology, which may offset any
perceived benefits. Introducing qualitative methods, such as
interviews and case studies, would provide deeper insights into
students’ experiences and attitudes toward Al in research, offering a
more comprehensive understanding of its role in academic settings.
These methodological enhancements will contribute to stronger
causal evidence and a more nuanced perspective on both the benefits
and risks of AI dependence in research productivity.
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