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Abstract: Background: The integration of artificial intelligence (Al) into academic research is fundamentally
transforming how scholarship is conducted across disciplines. This systematic review synthesizes empirical and
conceptual literature that examines how Al tools, particularly large language models and machine learning sys-
tems, are reshaping essential research competencies throughout the research lifecycle. Methods: We analyzed
49 studies across various disciplines, methodologies, and geographic regions to assess Al's impact on research
processes, from literature review to knowledge dissemination. Our framework evaluated the effects across three
dimensions of research competency: technical, critical, and social, while integrating established theoretical per-
spectives, including Mode 2 Knowledge Production and Distributed Cognition theory. Results: Our findings
reveal dramatic efficiency improvements in research processes, with a 50-95% reduction in workload for litera-
ture screening and 70-80% savings in time for qualitative analysis. However, these gains introduce significant
tensions: between efficiency and interpretive depth, expertise and automation, reference accuracy and research
integrity, and equal access versus emerging “research divides.” The impact varies by research stage, with liter-
ature review, qualitative analysis, and hypothesis generation undergoing the most substantial transformations.
Discussion: Our conceptual framework demonstrates how Al integration represents not merely technological
adoption but a fundamental reconceptualization of research expertise —from technical execution toward critical
judgment, ethical reasoning, and interdisciplinary integration. We propose balanced human-Al collaboration
models that emphasize strategic human oversight, transparent documentation practices, and stage-appropriate
automation. These findings have significant implications for research education, institutional policy, and the
future development of research competencies in an increasingly Al-mediated knowledge ecosystem.

Keywords: artificial intelligence; research methodology; machine learning; human-computer interaction;
knowledge management; qualitative research; systematic review; natural language processing; research ethics;

information retrieval

1. Introduction

The integration of artificial intelligence (AI), particularly large language models (LLMs) and ma-
chine learning systems, into academic research signifies a transformational change in scholarly meth-
ods since the beginning of the digital era [1,2]. Tasks that once required extensive human labor over
months can now be completed in days or hours, frequently with equivalent or even greater accuracy
[3,4]. This substantial increase in efficiency has been noted across multiple research stages, such as
literature reviews [5,6], qualitative analyses [7,8], and even in hypothesis generation [7,9].

This transformation extends beyond mere efficiency gains. As Al systems assume responsibili-
ties once viewed as markers of human expertise, such as synthesizing literature, analyzing qualitative
data, identifying research gaps, and formulating innovative hypotheses, pressing questions arise
about the changing landscape of research skills and the foundational principles of academic inquiry
[10,11]. Given the rise of increasingly automated technical tasks, what constitutes research expertise?
How might Al tools impact the pace of our research, the questions we explore, and our interpretations
of findings?

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The significance of these questions is heightened by the rapid adoption of Al tools across diverse
fields, demographic categories, and institutional frameworks. Recent survey results indicate that 53%
of researchers incorporate Al tools in some aspect of their research process, with usage varying sig-
nificantly by discipline, career level, and institutional backing [10]. This variation in adoption leads
to concerns about the possibility of “research divides” forming between those who can access ad-
vanced Al tools and possess the required technical expertise, and those who do not [12].

1.1. Research Gap and Purpose

While there is a growing body of literature discussing the impact of Al on specific research tasks,
a comprehensive framework for understanding how these technologies reshape research competen-
cies throughout the entire research lifecycle is lacking. Research typically focuses on individual pro-
cesses, such as literature screening [1], qualitative coding [13], or information retrieval [14]. Still, it
often neglects to connect these changes to larger research skills, identity, and epistemology concerns.

This systematic review seeks to synthesize empirical and conceptual literature concerning the
effects of Al on research workflows, with a focus on how these technologies are reshaping funda-
mental research skills. By integrating insights from diverse research processes, methodological ap-
proaches, and academic disciplines, we aim to establish a unified framework for understanding and
responding to this transformation.

1.2. Research Questions
This review examines four interconnected research questions:

* In what ways are Al technologies changing particular research processes throughout the re-
search lifecycle, from literature review to the sharing of knowledge?

*  How do these transformations affect fundamental research competencies, encompassing tech-
nical, critical, and social aspects?

. What tensions, compromises, and ethical dilemmas arise from integrating Al into research work-
flows?

*  What effective methods of human-AI collaboration enhance research quality while preserving
human agency and critical engagement?

The findings from this review carry significant implications for various stakeholders. For indi-
vidual researchers, comprehending how Al alters research skills can lead to a more deliberate incor-
poration of these tools, balancing efficiency improvements with critical involvement. For academic
institutions, insights into evolving skill requirements can inform curriculum development and train-
ing for researchers. For research funders and policymakers, discoveries regarding equity and access
issues can shape strategies to ensure that Al tools improve rather than diminish research quality and
diversity.

This review offers a thorough overview of how Al influences research skills and workflows. Its
goal is to promote research practices that utilize technological advances while upholding the human
values and critical thinking vital for meaningful academic inquiry.

2. Methods
2.1. Search Strategy and Selection Criteria

We conducted a systematic search following PRISMA guidelines to identify studies on Al’s ef-
fects on research skills and competencies. This search took place in May 2025 across seven electronic
databases: Web of Science, Scopus, PubMed, IEEE Xplore, ACM Digital Library, Education Source,
and PsycINFO. Our search strategy combined terms related to artificial intelligence (e.g., “artificial
intelligence,” “machine learning,” “large language model,” “ChatGPT”) with terms concerning re-
search competencies and workflows (e.g., “research skills,” “literature review,” “qualitative analy-
sis,” “data analysis,” “critical thinking”).

The inclusion criteria consisted of: (1) empirical or conceptual studies exploring Al tools within
research settings; (2) a focus on their impact on research skills, workflows, or epistemology; (3) pub-
lication in English; (4) peer-reviewed or high-quality preprints; and (5) publication dates between
2018 and 2024. We included empirical studies (quantitative, qualitative, and mixed-methods) and
conceptual papers developing frameworks or models.
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The initial search yielded 873 records. After removing duplicates (n=138), 735 records were
screened based on title and abstract, resulting in 152 potentially eligible full-text articles. After full-
text review, 49 studies met all inclusion criteria and were included in the final analysis.
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Figure 1. PRISMA flow diagram of the study selection process. This diagram illustrates the identification, screen-
ing, eligibility assessment, and inclusion of studies examining AI’'s impact on research skills and competencies.

2.2. Quality Assessment

Two researchers independently evaluated the methodological quality of selected empirical stud-
ies using the Mixed Methods Appraisal Tool (MMAT), which accommodates various study designs.
For conceptual papers, we modified criteria from Whittemore et al.’s (2014) framework for assessing
theoretical research. Any disagreements were addressed through discussion with a third researcher.
Although no studies were excluded based on quality assessment, we acknowledged and incorpo-
rated methodological limitations into the synthesis.

2.3. Data Extraction and Analysis

Data extraction was conducted using a standardized form capturing: (1) study characteristics
(authors, year, discipline, country); (2) methodology (study design, sample, data collection methods);
(3) Al technologies examined; (4) research processes affected; (5) impact on research competencies;
(6) reported benefits and challenges; and (7) theoretical frameworks or models.

We used a hybrid thematic analysis approach, combining deductive coding based on our initial
conceptual framework with inductive coding to capture emerging themes. All extracted data were
independently coded by two researchers, with disagreements resolved through discussion. The final
thematic framework was developed through iterative refinement, with themes mapped to our con-
ceptual framework examining impacts across the research lifecycle and competency dimensions.

3. Results

Figure 2 illustrates the research lifecycle as a circular process comprising six interconnected
phases: Literature Review, Study Design, Data Analysis, Knowledge Dissemination, Continuous
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Integration, and New Research Questions. Encircling these phases are three concentric rings that rep-
resent distinct research competency domains: Technical Competencies (such as information retrieval,
data analysis, and documentation), Critical Competencies (including critical thinking, ethical reason-
ing, and reflexivity), and Social Competencies (focused on collaboration and knowledge integration).
Red circles denote areas with high Al impact (literature review, qualitative analysis, and new re-
search question identification), while orange circles indicate areas of medium Al impact (study de-
sign, knowledge dissemination, and continuous integration).
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Figure 2. Conceptual framework illustrating AI's impact on research processes and competencies.

3.1. How Al Technologies are Transforming Research Processes from Literature Review to
Knowledge Sharing

Our analysis revealed notable changes throughout every phase of the research lifecycle, espe-
cially in the literature review and qualitative analysis processes.

Table 1. Mapping of Al's impact on different stages.

Research Stage Al Technologies Efficiency Gains Quality Impact Key References
Variable; high
Literature Review LLM .pipelines, Active 50-95% workload sensitivity but [3,5,15-18]
learning systems reduction reference accuracy
concerns
Study Design/Hypothesis =~ MC-NEST, Novel hypothesis ~ Limited validation

7,9,53
Generation LLM+Knowledge graphs identification studies [ ]
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CoAlcoder, CollabCoder, Increased consensus,

Data Analysis (Qualitative) PaTAT 70-80% time savings reduced diversity

[7,8,13,21,23-25]

Statistical automation, Primarily routine

Data Analysis (Quantitative) . L. Variable . [26,27]
visualization tools analysis
itati drafting Draft ti High hallucinati
Knowledge Dissemination Ci ation managers, drafting Draft generation igh hallucination [10,11,28,29]
assistants efficiency rates

3.1.1. Literature Review and Knowledge Synthesis

The literature review process has undergone a significant transformation due to Al integration.
Numerous studies show that Al tools—particularly LLM-based pipelines and active learning sys-
tems—greatly decrease the time and effort needed for systematic literature reviews [3,5,15]. These
improvements in efficiency are a result of automating essential tasks.

Al systems can quickly analyze thousands of titles and abstracts, cutting down human screening
efforts by 50-95% while preserving high sensitivity [4,6,16]. Tools like ASReview [5] utilize active
learning to focus on the most relevant studies. New LLM-based methods [3,16] can conduct both
title/abstract and full-text screenings, occasionally achieving higher sensitivity levels than human re-
viewers.

Al-driven “living review” systems facilitate ongoing, automated updates of literature syntheses
[17,18], changing the conventional model of static reviews into active knowledge bases incorporating
new evidence. In addition to screening, Al tools help gather structured data from publications [19,20]
and synthesize results across studies [3]. However, issues regarding reference accuracy and “halluci-
nation” continue to raise concerns [20].

These transformations prompt significant inquiries into how literature review functions as a re-
search skill. The conventional perspective of a thorough literature review —viewed as proof of disci-
plinary expertise via extensive manual searching —is increasingly contested by automated methods.
These methods can attain similar or even better recall with considerably less effort. Many authors
argue that the essential skill set is evolving from exhaustive manual searching to adeptly combining
Al tools with human discernment regarding relevance, quality, and synthesis [1,5].

3.1.2. Study Design and Hypothesis Generation

Al’s influence on research design and hypothesis generation signifies a profound epistemologi-
cal transformation in the research process. Recent research highlights the emergence of Al-enhanced
systems for hypothesis creation that combine large language models (LLMs) with other computa-
tional methods to generate innovative, testable scientific hypotheses [7,9].

The MC-NEST system integrates Monte Carlo Tree Search, Nash equilibrium sampling, and
LLM outputs to identify valuable research questions in multiple disciplines [7]. A notable instance of
its practical impact is highlighted in [9], which confirmed hypotheses generated by GPT-4 related to
drug synergies in breast cancer through laboratory testing, demonstrating that many predictions pro-
duced by the machine were validated through experimentation.

These systems recognize patterns and potential connections within extensive scientific literature
that human researchers may overlook due to information overload or disciplinary isolation. By link-
ing insights from traditionally distinct research areas, these tools can propose innovative hypotheses
that human researchers might not explore, potentially speeding up scientific discovery.

However, the emergence of Al-generated hypotheses raises essential questions about research
competencies in study design. Several authors express concerns about researchers becoming overly
dependent on machine-generated questions, which could potentially narrow research imagination
and reinforce existing paradigmatic assumptions embedded in training data [11,21]. Others highlight
the necessity of developing new competencies in “prompt engineering” and critically assessing ma-
chine-generated hypotheses [10,22].

3.1.3. Data Analysis and Interpretation

Al technologies are transforming qualitative and quantitative data analysis processes, signifi-
cantly influencing qualitative analysis workflows. Numerous studies explore how LLM-assisted cod-
ing tools are changing the practice of qualitative analysis.

Al-powered coding tools such as CoAlcoder [7], CollabCoder [23,24], and similar systems sig-
nificantly decrease the time needed for the preliminary coding of qualitative data, with reported
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efficiency improvements of 70-80% for first-pass coding [7,8]. These tools propose codes based on the
text, helping to speed up codebook development.

Research regularly reveals a conflict between enhanced initial agreement among researchers em-
ploying Al tools and the possible decline in code diversity and interpretive variation [7,21]. As high-
lighted by [21]: “Al-assisted workflows appear to accelerate convergence on shared interpretations,
sometimes at the cost of the productive disagreements that generate novel insights.”

In light of concerns regarding diversity and depth, researchers have crafted various frameworks
for human-AI collaboration in qualitative analysis. These frameworks encompass “machine-in-the-
loop” strategies, which allow humans to retain interpretive control [25], time-based models that ad-
just Al involvement throughout different stages of research [8], and structured Al-human dialogue
frameworks [13].

Al tools aid in research design, method selection, and visualization for quantitative analysis,
albeit with comparatively less transformation than seen in qualitative methods. Multiple authors em-
phasize that while routine statistical analyses can be automated, intricate modeling and interpreta-
tion still necessitate significant human expertise [26,27].

3.1.4. Knowledge Dissemination and Integration

The final stage of the research lifecycle—disseminating findings and integrating them into the
broader knowledge base—is evolving with the advent of Al technologies. Many studies investigate
how AI tools assist in writing research manuscripts, developing visualizations, and producing cita-
tions [10,11].

Nonetheless, this field faces considerable difficulties regarding the accuracy of references and
citation fabrication. Studies indicate that present LLMs often exhibit high “hallucination” rates in
citation generation, with one study revealing that GPT-4 only reached 13.8% recall for references in
systematic reviews [28]. This raises significant concerns about research integrity and the risk of
spreading false citations.

The rise of “living” knowledge repositories, which Al systems continually update by incorpo-
rating new publications, signifies a potentially transformative change in integrating research findings
into academic knowledge. Instead of the conventional approach of isolated publications followed by
occasional reviews, these systems facilitate real-time updates and integration of knowledge [17,18].

3.2. Impact on Core Research Skills, Including Technical, Critical, and Social Aspects
3.2.1. Technical/Methodological Competencies

Al integration significantly transforms the technical and methodological skills needed for suc-
cessful research. Although particular technical abilities may diminish in importance due to automa-
tion, new skills focused on efficiently using and integrating Al tools are arising.

While traditional technical skills such as literature searching, manual coding, and statistical anal-
ysis are still essential for grasping fundamental processes, their application is progressively sup-
ported or automated. New technical skills involve prompt engineering (creating instructions for
LLMs to produce valuable outputs), critically assessing Al-generated content, and seamlessly incor-
porating Al tools into research workflows.

Numerous studies highlight the ongoing importance of domain knowledge and methodological
understanding, even with the automation of technical implementation [8,21]. Assessing whether Al-
generated outputs meet disciplinary standards and methodological criteria is vital.

As research workflows progressively integrate Al tools, new skills are needed to document Al
applications clearly. This involves detailing the processes that utilize Al outlining the prompt strat-
egies employed, and describing the verification methods used [10,12].

3.2.2. Critical/Reflective Competencies

Critical and reflective skills—such as critical thinking, ethical reasoning, and reflexivity —be-
come more essential in research enhanced by Al These abilities allow researchers to uphold their
agency and exercise careful judgment in processes that are becoming more automated.

Numerous studies highlight the critical need to assess Al-generated content for accuracy, bias,
and ethical considerations [10,21,29]. This evaluation involves spotting hallucinations, recognizing
biased results, and evaluating the suitability of Al-generated analyses.
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Ethical competencies encompass recognizing possible harms associated with Al integration,
such as bias amplification and privacy issues. They also involve making well-informed decisions re-
garding appropriate Al usage and reflecting on the impact on research integrity and authorship.

Numerous authors emphasize the significance of reflexive awareness regarding the impact of
Al tools on research processes and their potential influence on researchers’ thought processes [8,21].
This awareness entails recognizing how interactions between AI and humans can reinforce specific
interpretations or analytical methods.

Certain authors suggest updated educational taxonomies tailored for Al settings. [22] outlines
an adapted Bloom’s taxonomy aimed at Al-related critical thinking, highlighting the importance of
skills in prompt engineering, assessment of Al outputs, and Al-human dialogic reasoning.

3.2.3. Social/Collaborative Competencies

Al integration is also changing the social and collaborative aspects of research, fostering new
skills in human-AI teamwork and interdisciplinary collaboration.

Various frameworks suggest models for successful human-AlI collaboration in research, high-
lighting the importance of complementary strengths and well-defined roles [8,13,25]. Essential skills
encompass identifying suitable labor division, creating efficient feedback mechanisms, and ensuring
human agency in collaborative efforts.

Al tools can enhance collaboration across different fields by promoting the integration and trans-
lation of knowledge [10,27]. This leads to the development of new skills in translating concepts be-
tween disciplines and combining various methodological approaches.

Multiple authors explore the emergence of knowledge via iterative human-Al interactions, high-
lighting the significance of dialogue skills, iterative refinement, and critical engagement [8,13].

3.3. Tensions, Compromises, and Ethical Dilemmas Arising from Integrating Al into Research Workflows

Our analysis uncovered significant tensions and ethical dilemmas arising from integrating Al
into research workflows. For an overview of these challenges and suggested solutions, please refer
to Table 2.

Table 2. Mapping of the key tensions identified.

Tension Description Mitigation Strategies Key References
Al lerat t tage- iate int t dedicated

Efficiency vs. Depth acce‘era es p1jocesses but may S age-appropriate integration, dedicate (7,821,25]
reduce interpretive depth time for deep engagement

Reference Accuracy vs. Al can generate plausible but false Verification protocols, transparent [20,28,29]

Research Integrity citations documentation "

distributi f Al Instituti l infrastruct hared

Access vs. Equity Uneven distribu fon of Al resourcesIns itutional infrastructure, share [10,12,26,27]
creates research divides resources

Expertise vs. Automation Shiftin.g namr? of r?search Revisec.:l co.m}/)letency frameworks., . (8,10,13,21,22]
expertise and identity education in “complementary skills

3.3.1. Efficiency vs. Depth and Diversity

A key tension observed in various studies is the balance between efficiency improvements and
possible declines in interpretive depth and diversity. This issue is especially prominent in qualitative
analysis, where Al tools significantly speed up the initial coding process, yet may compromise code
diversity and interpretive richness [7,21].

[21] showed that researchers employing Al-assisted coding tools usually achieved consensus
faster than traditional manual coding teams. However, this often came at the expense of productive
disagreements and interpretative diversity that foster novel insights. Likewise, [8] discovered that
while Al tools were beneficial for initial categorization, they could limit more profound interpretative
work if utilized throughout the analysis.

This tension also applies to literature review processes, as Al can quickly identify publications
that meet specific criteria but may overlook conceptually related research that employs different ter-
minology or framing [1,30]. Many authors propose that the best strategies involve utilizing Al for
initial efficiency improvements while retaining human judgment for more profound interpretive
analysis [8,25].
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3.3.2. Reference Accuracy and Research Integrity

A major ethical issue highlighted in several studies revolves around the accuracy of Al-gener-
ated content, notably in citations and references. This problem is particularly evident during the pro-
cesses of knowledge dissemination and synthesis, where Al systems might produce seemingly cred-
ible yet factually inaccurate citations, which could jeopardize the integrity of research [20,29].

A study revealed that GPT-4 attained just 13.8% recall for references in systematic reviews, often
producing fictional citations that seemed real but were nonexistent [28]. This poses significant chal-
lenges to research integrity, as unverified citations generated by Al could spread false information
throughout academic literature.

Numerous authors stress the vital role of verification protocols for Al-generated content, espe-
cially regarding citations, data, and methodological specifics [10,20]. Such protocols generally require
human verification of the generated content against original sources, underscoring the ongoing ne-
cessity of human oversight in research processes.

3.3.3. Access and Equity Concerns

Our analysis uncovered growing worries regarding equity and access in Al-enhanced research.
Various studies highlight potential “research divides” between institutions equipped with advanced
Al tools, computational resources, and technical expertise and those lacking them [12,27].

The capacity to integrate Al tools effectively differs greatly among institutions, with those having
more resources likely enjoying competitive edges in research productivity and impact [10,26]. Several
authors express worries that Al tools could exacerbate pre-existing power disparities in the global re-
search ecosystem by favoring the viewpoints and methods present in the training data [11,12].

These equity issues also affect various domains and methodologies. Several authors highlight
that AI tools might be more suited for specific research methods and subjects, which could advantage
these areas regarding productivity and impact [26,27].

3.3.4. Epistemological and Authorship Challenges

The incorporation of Al in research prompts essential epistemological inquiries regarding
knowledge creation and the identity of researchers. Numerous studies investigate how this integra-
tion disrupts conventional views on authorship, expertise, and the distinctions between human and
computational input in knowledge generation [10,11].

As Al systems play a more significant role in research processes—from hypothesis generation
to data analysis and manuscript drafting—issues surrounding proper attribution, acknowledgment,
and responsibility emerge. Numerous authors highlight the absence of established norms and stand-
ards for recognizing Al contributions in research outputs [10,11].

These epistemological challenges also encompass inquiries into how Al-human collaboration
influences the formulation of research questions, methodological selections, and interpretive frame-
works. Numerous authors worry about the potential uniformity of academic thinking if comparable
Al systems trained on analogous data are extensively utilized across research communities [8,21].

3.4. Approaches to Human-AlI Collaboration for Enhancing Research Quality While Preserving
Human Agency

Our analysis has revealed several promising strategies for human-AlI collaboration in research
that effectively balance efficiency with maintaining human agency and critical engagement. Figure 3
illustrates three distinct methods for integrating Al into research workflows. The Automation Model
(left) shows Al taking over routine tasks, which provides high efficiency but low human agency, as
seen in literature screening and data extraction [3,5]. The Augmentation Model (center) illustrates Al
amplifying human abilities while maintaining agency, yielding a blend of efficiency, complementary
strengths, and clear human oversight, exemplified by systems like Scholastic [8,25]. The Dialogue
Model (right) depicts knowledge creation through iterative interactions between humans and Al,
characterized by significant engagement, shared agency, and enhanced interpretive diversity, as
shown in systems like PaTAT [13]. The models transition from left to right, reflecting a continuum of
increasing human agency, alongside corresponding trade-offs in efficiency and automation.
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Figure 3. Models of human-AlI collaboration in research contexts.

3.4.1. Human-in-the-Loop Design

Research workflows that integrate human oversight at crucial decision junctures show great
promise across various studies. These “human-in-the-loop” methods retain human judgment for el-
ements of research that need interpretation, ethical reasoning, or creative insight, while utilizing Al
for efficiency in more routine tasks [8,13,25].

[25] created and assessed Scholastic, a visual interface designed for human-AlI collaboration in
qualitative analysis. This tool allows researchers to retain interpretive control while leveraging Al-
generated codes and patterns. The evaluation demonstrated that this method maintained interpretive
diversity and improved efficiency over manual coding.

Similarly, [13] created PaTAT, a system designed for interactive rule synthesis in qualitative
coding. This system facilitates a dialogue between researchers and Al, enabling researchers to refine
and tailor coding rules according to their interpretive frameworks. This method has improved con-
sistency while maintaining researcher autonomy in defining analytical categories.

Various systems in literature review processes showcase the importance of human oversight for
verification and interpretation. [3] discovered that their TrialMind system was most efficient in a
hybrid workflow, where Al handled the initial screening and extraction, while human researchers
validated the outcomes and made final inclusion and synthesis decisions.

3.4.2. Stage-Appropriate Integration

Our analysis indicates that various research stages might gain from differing degrees of Al inte-
gration, where certain processes are more suitable for automation. Numerous studies advocate for
stage-specific strategies that adjust the extent of Al participation according to the characteristics of
the research task [8,10].

[8] created a temporal model for integrating Al in qualitative analysis, proposing that Al tools
are particularly useful for the initial organization and categorization phases. At the same time, later
interpretive stages require more human oversight. Their assessment demonstrated that this differen-
tiated approach maintains interpretive depth while enhancing efficiency.

A comparable trend is observed in literature review processes. Numerous studies indicate that
initial screening and data extraction are well-suited for automation, whereas critical appraisal and
synthesis require more human engagement [3,5,17].
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This stage-appropriate integration enables researchers to leverage Al capabilities where they
provide the most significant benefit while maintaining human agency in areas of research that require
judgment, creativity, or ethical reasoning.

3.4.3. Transparency and Documentation

Transparent documentation of Al usage in research has become essential in various studies. Nu-
merous authors highlight the need to clearly record the research processes that utilized Al, the veri-
fication methods applied, and the possible limitations of Al-generated content [10,12].

[10] propose a documentation framework for Al-assisted research, which describes the Al tools
utilized, prompting strategies applied, verification methods, and recognition of inherent biases or
limitations. Their assessment indicates that this level of transparency bolsters research credibility and
allows for suitable peer review.

Likewise, [12] highlights the necessity of recording verification processes for Al-generated con-
tent, especially regarding citations and methodological specifics. They recommend that this record-
keeping be viewed as a vital part of the research methods sections within a research environment
enhanced by AL

Transparent documentation fulfills ethical and scientific roles by ensuring accountability in re-
search integrity and promoting methodological growth through visible and replicable Al integration
strategies.

3.4.4. Educational and Institutional Support

Numerous studies highlight the significance of educational and institutional backing in fostering
effective human-AlI collaboration within research settings. These strategies emphasize the enhance-
ment of researcher skills, the establishment of organizational infrastructure, and the development of
ethical guidelines for responsible Al integration [10,11,22].

[22] developed and evaluated a revised educational framework for research methods courses
that explicitly incorporates Al literacy, including competencies in prompt engineering, output eval-
uation, and ethical reasoning about Al use. Evaluation showed that this approach enhanced students’
ability to engage with Al tools while maintaining research rigor critically.

[10] propose a framework to support Al integration in research, highlighting the need for access
to computational resources, technical assistance, ethical guidelines, and practice communities. Their
case studies indicate that establishing this infrastructure is vital for tackling equity issues and guar-
anteeing that the advantages of Al are widely available.

These educational and institutional methods acknowledge that successful collaboration between
humans and Al necessitates technological advances and shifts in culture and organization to foster
new research practices and skills.

4. Discussion
4.1. Theoretical Implications for Research Practice and Expertise

Our research presents important theoretical insights into research practice and expertise in the
Al era. Al technologies that either automate or enhance numerous technical facets of research are
upending the traditional view of research expertise as a matter of technical skill. Our results indicate
that research expertise is increasingly defined by what [13] refers to as “complementary competen-
cies” —skills that enhance, rather than replicate, Al capabilities.

These shifts in research expertise can be situated within established theoretical frameworks. The
transition toward integrative, critical capacities aligns with Mode 2 Knowledge Production [60],
which describes knowledge creation as increasingly transdisciplinary and context-driven. Our three
models of human-AlI collaboration reflect Distributed Cognition theory [61], where cognitive pro-
cesses extend beyond individual minds into technological systems. Al tools function as Boundary
Objects [62] that translate between computational and human domains, explaining challenges in ref-
erence accuracy and interpretive alignment. The dialogue model’s iterative knowledge creation par-
allels Knowledge Building Theory [63], while post-phenomenological approaches [64,65] illuminate
how AI mediates researchers’ relationship to their objects of study. Critical Realism [66] offers a
framework for maintaining epistemological vigilance toward Al-generated outputs, recognizing
them as interpretations rather than direct representations of reality.
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Figure 4 showcases the comprehensive conceptual framework demonstrating how artificial in-
telligence reshapes research processes and skills, augmented by theoretical insights clarifying these
transformations. At its core, the framework outlines a six-phase research lifecycle—Literature Re-
view, Study Design, Data Analysis, Knowledge Dissemination, Continuous Integration, and New
Research Questions—surrounded by three concentric rings that represent dimensions of research
competencies: technical (innermost), critical (middle), and social (outermost). Areas with high and
medium Al impact are indicated by red and orange circles, with notable changes seen in Literature
Review, Data Analysis, and the formulation of New Research Questions. The framework is further
enhanced with theoretical overlays that offer explanatory richness: Mode 2 Knowledge Production [60]
encompasses the entire framework, highlighting the movement towards transdisciplinary research; Dis-
tributed Cognition [61] bridges technical and critical domains, emphasizing cognitive extension into tech-
nological systems; Boundary Objects Theory [62] focuses on human-Al interactions; Knowledge Building
Theory [63] guides collaborative advancement of knowledge; Post-phenomenological approaches [64,65]
clarify Al's mediating function in the perception of research; and Critical Realism [66] fosters epistemo-
logical awareness regarding AI outputs. This theoretically-informed visualization illustrates that the inte-
gration of Al transcends mere technological adoption, signifying a profound rethinking of research exper-
tise and the processes of knowledge creation across various fields.
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Figure 4. Conceptual Framework Illustrating Al's Impact on Research Processes and Competencies with Theo-
retical Overlays.

These competencies encompass critical judgment regarding the suitability and limitations of Al
outputs, ethical considerations for responsible Al usage, and integrative thinking spanning different
disciplines.

This evolution mirrors changes in other fields where AI has reshaped professional practices.
Similar to how medical expertise has transitioned from rote memorization of facts to diagnostic rea-
soning and clinical judgment (with medical knowledge becoming more readily available via digital
tools), research expertise seems to evolve from simply executing technical tasks to focusing on critical
evaluation, creative integration, and ethical reasoning.
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Our findings highlight several new models for human-AI collaboration in research, each with
distinct impacts on researcher agency and identity. These models include “automation,” where Al
tools take over routine tasks traditionally performed by humans [3,5]; “augmentation,” which en-
hances human capabilities while maintaining human agency [8,25]; and “dialogue,” where
knowledge is developed through continuous human-Al interaction [13].

These models propose transforming the researcher’s role from solitary knowledge creators to
facilitators of complementary human and computational abilities. This change questions conven-
tional views on individual authorship and expertise, advocating for more collaborative models of
knowledge production that clearly recognize contributions from both humans and computers.

Our findings emphasize significant epistemological tensions that emerge from integrating Al
into research. The efficiency and scale provided by Al tools allow for more thorough evidence syn-
thesis and larger analyses, which could improve the breadth and overall quality of research. How-
ever, issues related to interpretive homogenization, accuracy of references, and excessive dependence
on Al indicate possible compromises in depth, diversity, and originality.

These tensions illustrate the broader discussions regarding the connection between human in-
telligence and machine intelligence. While Al is proficient in recognizing patterns, conducting statis-
tical analysis, and synthesizing existing knowledge, human researchers bring contextual understand-
ing, creative insights, ethical considerations, and critical reflexivity to the table. The challenge is to
create research practices that capitalize on these complementary strengths both.

4.2. Practical Implications for Balanced Al Integration

Based on our insights related to the fourth research question, we propose a framework for the
balanced integration of Al into research workflows. This framework consists of three essential com-
ponents, aiming to maximize benefits while tackling the identified challenges.

Firstly, research workflows must explicitly include human oversight at crucial decision-making
moments, especially during research phases that involve interpretation, ethical judgment, or creative
insight [8,13]. This entails validating Al-generated citations and references by humans, critically re-
viewing Al-suggested codes or themes in qualitative analysis, and ethically evaluating Al-generated
hypotheses or research questions.

Secondly, researchers should implement transparent documentation practices concerning Al
utilization in their research. This includes clearly explaining the specific research processes that in-
corporated Al, thoroughly documenting the verification methods for Al-generated content, and ac-
knowledging the limitations and possible biases associated with Al-assisted methodologies.

Third, various research stages and fields might gain from distinct human-Al integration models.
Our findings indicate that literature screening and data extraction could benefit from increased au-
tomation [3,5], while qualitative analysis and interpretation are best supported by more interactive,
dialogue-driven methods [8,25]. Furthermore, hypothesis generation and research design are en-
hanced through augmentation approaches that uphold human creative agency [7,9].

4.3. Recommendations for Research Education and Training

Our findings carry important implications for the education and training of researchers. Re-
search training programs need to implement updated competency frameworks that align with the
evolving landscape of research expertise in the Al era [10,22]. This involves incorporating Al literacy
into research methods curricula, enhancing skills to assess Al-generated content critically, and
providing training in ethical frameworks for the responsible use of AL

Successful training necessitates practical engagement with Al tools within real research settings
[10,11]. This involves supervised experimentation with Al-supported literature reviews, training in
critically assessing Al-produced qualitative codes, and familiarity with validation procedures for Al-
created content.

Research training must integrate insights from various fields to tackle the complex challenges of
Al integration [12,27]. This encompasses computer science views on Al's strengths and weaknesses,
ethical and philosophical viewpoints on responsible technology use, and information science meth-
ods for organizing and retrieving knowledge.
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4.4. Institutional Policy Considerations

Our research indicates key factors that institutions should consider when formulating Al poli-
cies. They need to create strategies that tackle potential “research divides” by ensuring fair access to
Al technologies and computational resources, delivering technical support and training to research-
ers in various fields, and establishing a common infrastructure for Al-enhanced research.

Institutions need to establish specific guidelines for the ethical application of Al in research. This
includes mandates for transparency when reporting Al use, standards for validating Al-generated
content, and protocols for proper attribution and acknowledgment. Additionally, institutions should
reassess their evaluation and reward systems for research, minimizing focus on metrics that Al can
easily manipulate (such as the volume of publications) while emphasizing the importance of critical
insight, interpretive depth, and ethical judgment. Furthermore, they should create new metrics to
evaluate the responsible integration of AL

4.5. Future Research Directions

Our review highlights several key areas for future research regarding the influence of Al on
research practices and skillsets. Long-term studies monitoring the evolution of researcher skills and
practices with ongoing Al exposure are essential for understanding developmental pathways and
lasting effects [10].

A more in-depth examination of the variations in Al integration across different disciplines and
methodological traditions would yield valuable insights for customized research training and policy
[26,27].

Research focused on technological solutions to address identified challenges—such as verifica-
tion tools for Al-generated content, systems for transparent Al use documentation, and interfaces
that maintain interpretive diversity —would help overcome current limitations [13,20].

Empirical studies assessing the effectiveness of various educational methods for developing Al-
related research competencies are necessary to guide curriculum design and teaching practices
[10,22].

Table 3. Key gaps in current research and proposed future directions.

Research Gap Proposed Research Direction Methodological Approach Expected Impact
e Track researcher skill developmentLongitudinal studies, log data Understanding developmental
Longitudinal impacts . . . .
over time analysis trajectories
Compare Al integration across Tailored approaches to research

Domain variation Comparative case studies

disciplines training
Develop tools for Al-generated

content verification

Address reference accuracy

Verification tools challenges

Tool development and validation

Educational Evaluate different training Intervention studies, quasi-

. . . Inform curriculum development
effectiveness approaches experimental designs

4.6. Limitations

This systematic review has methodological limitations to consider in interpreting the findings.
First, our search strategy focused on English publications, potentially excluding relevant insights
from studies in other languages. This limitation may introduce biases in understanding Al’s impact
across different contexts.

Second, the fast-changing landscape of Al technologies imposes a time constraint. Numerous Al
tools reviewed in the studies have received substantial updates since their publication, which might
restrict the relevance of specific findings to the latest versions of these technologies. Furthermore, our
inclusion timeframe (2018-2025) may have overlooked earlier essential research on automation and
computer-assisted research methods.

Third, there is significant variability among the studies included regarding their methodological
approaches, disciplinary backgrounds, and research focuses. Although this diversity broadens the
scope of our review, it also makes direct comparison and synthesis across studies more complex.
Furthermore, the differing definitions of crucial concepts like “research skills” and “Al integration”
pose additional difficulties for cohesive synthesis.
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Fourth, most studies analyzed in this review utilized cross-sectional or short-term evaluation
designs. This scarcity of longitudinal studies restricts our comprehension of how research competen-
cies develop over time with prolonged Al exposure, as well as how initial efficiency gains or chal-
lenges may shift with continued use and enhanced literacy.

Fifth, our findings may have been influenced by publication bias, as studies that show positive
or significant effects of Al on research practices are more likely to be published than those that report
null or negative effects.

Finally, although systematic, our quality assessment process relied on tools designed for con-
ventional research methodologies, which may not fully capture the unique methodological consider-
ations of studies examining emerging technologies. Adapting the assessment criteria partially ad-
dressed this limitation, but standardized quality assessment frameworks specific to Al-human inter-
action studies are still in development.

Even with these limitations, the consistent results across various studies and contexts indicate
that the main patterns highlighted in this review reflect strong trends in the way Al is transforming
research practices and skills. Future reviews should aim to include a broader range of languages,
utilize longitudinal designs, and implement standardized assessment frameworks tailored to Al's
role in research contexts.

5. Conclusions

This systematic review compiles evidence on how Al technologies are changing research prac-
tices and redefining essential research competencies. Our findings demonstrate significant efficiency
improvements across various research processes, while also highlighting new challenges concerning
interpretive diversity, reference accuracy, and equitable access. The conventional perspective of re-
search expertise, which focused mainly on technical skills, is evolving into a more nuanced under-
standing that prioritizes critical judgment, ethical reasoning, and the effective integration of human
and computational strengths.

The conceptual framework we present—exploring Al’s effects on research lifecycle and compe-
tency dimensions—provides a structure for comprehending and managing this transformation. By
emphasizing technical changes and epistemological effects, this framework aids researchers, educa-
tors, and institutions in creating strategies that harness Al’s potential while maintaining the human
values and critical thinking essential for meaningful scholarly inquiry.

As Al capabilities evolve, the practice of research will probably continue to transform. By creat-
ing research methods that thoughtfully incorporate Al tools while maintaining human agency and
critical engagement, the research community can leverage the transformative power of these technol-
ogies. This ensures that research continues to enhance human comprehension and tackle complex
societal issues.

Appendix A. Characteristics of Included Studies in the Systematic Review

Study Type Number of Studies Percentage
Empirical —Quantitative 18 36.7%
Empirical —Qualitative 13 26.5%
Empirical —Mixed Methods 9 18.4%
Conceptual/Framework Development 9 18.4%
Total 49 100%

A.1. Disciplinary Distribution

Discipline Number of Studies Percentage
Computer Science/HCI 16 32.7%
Medical/Health Sciences 12 24.5%
Information Science/Library Studies 7 14.3%
Education/Research Methods 6 12.2%
Social Sciences 4 8.2%
Engineering 2 4.1%
Interdisciplinary 2 41%

Total 49 100%
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A.2. Geographic Distribution
Region/Country Number of Studies Percentage
North America 22 44.9%
- United States 18 36.7%
- Canada 4 8.2%
Europe 15 30.6%
- United Kingdom 8 16.3%
- Netherlands 4 8.2%
- Other European 3 6.1%
Asia 8 16.3%
- China 5 10.2%
- Singapore 2 4.1%
- Other Asian 1 2.0%
Australia/New Zealand 3 6.1%
International Collaborations 1 2.0%
Total 49 100%
A.3. Study Focus by Al Application
AI Application in Research Number of Studies Percentage
Literature Review Automation 14 28.6%
Qualitative Data Analysis 12 24.5%
Research Framework Development 8 16.3%
Hypothesis Generation 5 10.2%
Knowledge Dissemination 5 10.2%
Quantitative Analysis Support 3 6.1%
Education/Training on Al in Research 2 4.1%
Total 49 100%
A.4. Methodological Approaches in Empirical Studies
Methodological Approach Number of Studies  Percentage of Empirical Studies (n=40)
Experimental/Quasi-experimental 16 40.0%
Case Studies 9 22.5%
Surveys/Questionnaires 8 20.0%
Think-aloud/User Studies 4 10.0%
Longitudinal Designs 3 7.5%
Total 40 100%
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