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Abstract

The advent of ChatGPT marks a significant inflection point in Al, characterized by widespread adoption
and diverse perceptions ranging from "shock" in academia to "awe" in industry. Built upon the
Transformer architecture, its evolution has enabled human-like text generation and complex task
engagement-a capability now rapidly advancing toward autonomous Agentic Al systems that can plan,
reason, and execute multi-step tasks. This paper provides a comprehensive, critical review of this
expanding horizon and its impact across natural language understanding (NLU), content generation,
knowledge discovery, education, and engineering. It aims to synthesize current capabilities, limitations,
and ethical considerations, and to propose novel methodological and research directions for responsible
global integration. This review synthesizes current literature and research findings, critically assessing
performance, analyzing error rates, examining innovative techniques like Retrieval-Augmented
Generation (RAG), and exploring the ethical challenges inherent in its cross-domain deployment.
Generative Al demonstrates profound capabilities, pushing NLU boundaries with multimodality and
enabling diverse applications. However, limitations persist in factual accuracy, bias, and explainability
("Black Box Conundrum"). Key tensions identified include the "Specialization vs. Generalization" tension
in NLU, the "Quality-Scalability-Ethics Trilemma" in content generation, the "Pedagogical Adaptation
Imperative" in education, and the emergence of "Human-LLM Cognitive Symbiosis" in engineering — a
concept now evolving toward models of Human-Agent Orchestration as Al gains autonomy. The
findings necessitate proactive adaptation across sectors, including redesigning educational pedagogy,
developing Al collaboration skills, implementing robust quality control, and prioritizing ethical design
and transparency. This review offers a unique cross-domain synthesis, introducing conceptual
frameworks - including the Specialization vs. Generalization Tension, Quality-Scalability-Ethics
Trilemma, Black Box Conundrum, Pedagogical Adaptation Imperative, Human-Agent Symbiosis, and
the overarching "Ethical-Technical Co-evolution Imperative" - to illuminate complex challenges. It charts
the intensification of these challenges within the emerging agentic paradigm, identifies specific research
gaps, and proposes a forward-looking agenda for advancing both methodological and theoretical
understanding to guide the development of responsible AL
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1. Introduction: The ChatGPT Inflection Point in Al and its Applications

The advent of Chat Generative Pre-trained Transformer (ChatGPT) marks a significant inflection
point in the trajectory of artificial intelligence and its pervasive influence across myriad sectors. Its rapid
ascent since its public release has been characterized by widespread adoption and a mixture of acclaim
and apprehension, fundamentally altering landscapes in education, healthcare, customer service,
software development, and beyond (Akhtarshenas et al., 2025). Hailed as a "game changer" (Infosys
Limited, 2023) and a "disruptive" technology (Murray et al., 2025), ChatGPT, built upon the Transformer
architecture and the continued evolution of Large Language Models (LLMs) (Akhtarshenas et al., 2025),
has demonstrated an uncanny ability to generate human-like text and engage in complex tasks. This
inflection point is now rapidly evolving, as the powerful reasoning and tool-use capabilities of these
models are giving rise to Agentic Al — autonomous systems that can plan, reason, and execute complex,
multi-step tasks to achieve goals, representing a paradigm shift from passive tools to active participants
in digital and physical environments (Xi et al., 2023).

The initial reception to ChatGPT, particularly within academic circles, has often been described as
more "shock” than "awe" (Murray et al., 2025). This reaction stems largely from its immediate and
palpable disruption to established educational practices, especially concerning student assessment and
academic integrity (Dempere et al., 2023). The swiftness with which students adopted the tool for tasks
such as coursework generation caught many institutions off-guard. This dynamic is set to intensify with
the rise of Al agents, which can automate not just the writing of an assignment but the entire research
and analysis process, posing even deeper challenges to traditional assessment. In contrast, industries
have often focused more on the "awe" aspect, emphasizing productivity gains and novel content creation
capabilities (Al Nagbi et al., 2024) — a perception now amplified by the potential of agents to automate
entire workflows, not just discrete tasks (Team, 2024). This divergence in perception is context-
dependent; those whose core practices are directly challenged by the technology are more likely to
experience initial shock, while those who see immediate utility may be more readily impressed. This
paper posits that the initial caution within academia, while potentially slowing immediate, uncritical
adoption, may ultimately foster the development of more robust ethical frameworks, innovative
pedagogical responses, and a deeper understanding of human-Al collaboration that will be essential for
governing agentic systems.

This paper critically examines ChatGPT's multifaceted applications in natural language
understanding, content generation, knowledge discovery, engineering, and education. It aims to advance
theoretical understanding and propose methodological innovations, while addressing the attendant
ethical considerations, research frontiers, and the implications of the emerging agentic paradigm to foster
responsible and impactful global integration. The subsequent sections will dissect these specific
application domains, exploring their theoretical underpinnings, recent methodological advancements,
and the critical challenges that must be navigated to realize the full potential of both generative and
agentic Al responsibly.

2. Advancements in Natural Language Understanding with ChatGPT: Capabilities,
Innovations, and Critical Frontiers

Natural Language Understanding (NLU) lies at the heart of ChatGPT's capabilities, enabling its
diverse applications. The continuous evolution of its underlying architecture and training methodologies

has pushed the boundaries of what machines can comprehend and how they can interact using human
language, setting the stage for more autonomous and goal-oriented Al systems.

2.1. Core NLU Architecture and Functionalities
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ChatGPT's NLU prowess is built upon the Transformer architecture, a deep learning model that has
revolutionized sequence-to-sequence tasks (Vaswani et al.,, 2017; Akhtarshenas et al., 2025). A key
component of this architecture is the self-attention mechanism, which allows the model to weigh the
importance of different words in an input sequence, thereby capturing long-range dependencies and
contextual nuances (Infosys Limited, 2023). This enables ChatGPT to engage in complex query responses,
maintain contextual understanding over extended dialogues, and generate remarkably human-like text
(Akhtarshenas et al., 2025). The evolution from GPT-3.5 through GPT-4 and its variants like GPT-40, and
the newer 'ol' series, has seen significant enhancements (Hariri, 2023). Newer models boast improved
contextual awareness, capable of maintaining coherence over longer conversations. Training on larger
and more diverse datasets has enhanced their language understanding, leading to greater accuracy and
fluency (Hariri, 2023). Advanced tokenization techniques have improved efficiency and processing speed
(Hariri, 2023). Perhaps one of the most significant advancements is the integration of multimodality,
allowing models like GPT-40 to process and generate content involving text, images, and audio (Hariri,
2023). These foundational NLU capabilities are crucial building blocks for the next frontier: autonomous
Agentic Al systems that can act on this understanding to perform tasks.

2.2. Innovative NLU Techniques and their Impact

Beyond core architectural improvements, specific techniques are being developed to enhance
ChatGPT's NLU capabilities, address its limitations, and empower it to move from passive generation to
active problem-solving.

Retrieval Augmented Generation (RAG): RAG has emerged as a powerful method to mitigate
knowledge gaps by dynamically incorporating external information into the generation process (Lewis
etal., 2020; Yu et al., 2025). This involves vectorizing relevant documents and providing them as context,
allowing the model to access up-to-date or domain-specific information not present in its training data.
A notable application is in specialized engineering domains like Building Information Modeling (BIM),
where RAG enabled ChatGPT-4 to significantly improve its understanding of localized Korean BIM
guidelines, boosting performance by 25.7% (Yu et al., 2025). By grounding responses in verifiable external
documents, RAG increases trustworthiness and is a foundational technique for reliable Al systems (Gao
et al., 2024).

The Rise of Agentic Al: A paradigm-shifting innovation is the development of agentic frameworks.
These frameworks empower LLMs to act as autonomous agents that can reason, create complex plans,
decompose tasks, and utilize external tools (like code interpreters, APIs, or web browsers) to achieve
multi-step goals (Xi et al., 2023). Unlike traditional NLU, which focuses on comprehension and response,
agents use NLU to interact with an environment and execute actions, representing a move from passive
text generation to proactive, goal-directed behavior (Park et al., 2023; Shinn et al., 2023).

Advancements from NLP Conferences (EMNLP/ACL 2024-2025): Recent research highlights
several innovative techniques (Empirical Methods in Natural Language Processing, 2024):

e LLMs for Data Annotation and Cleansing: LLMs are increasingly used to automate or assist in
data annotation, a traditionally labor-intensive task. For example, the Multi-News+ dataset was
enhanced by using LLMs with chain-of-thought and majority voting to cleanse and classify
documents, improving dataset quality for multi-document summarization tasks.

e Factual Inconsistency Detection: Given LLMs' propensity for hallucination, techniques to detect
factual inconsistencies are crucial. Methods like FIZZ, which employ fine-grained atomic fact
decomposition and alignment with source documents, offer more interpretable ways to identify
inaccuracies in abstractive summaries.
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e Multimodal NLU Enhancement: Research is exploring the integration of other modalities, such as
acoustic speech information, into LLM frameworks for tasks like depression detection, indicating
a move towards more holistic NLU that mirrors human multimodal.

e "Evil Twin" Prompts: The discovery of "evil twin" prompts, obfuscated and uninterpretable inputs
that can elicit desired outputs and transfer between models, opens new avenues for understanding
LLM vulnerabilities and their internal representations, posing both security risks and research
opportunities.

2.3. Critical Assessment: Benchmarks, Limitations, and Human Comparison

Despite their advancements, LLMs like ChatGPT face several critical limitations:

Benchmark Performance: While versatile, general-purpose models like ChatGPT-3.5 Turbo may not
always outperform specialized, fine-tuned models (e.g., BERT variants) on specific NLU benchmarks like
GLUE, particularly in tasks such as paraphrase detection or semantic similarity (Akhtarshenas et al.,
2025). Newer versions like GPT-4 show improvements, but the gap often remains for highly optimized
task-specific models.

Inherent Limitations:

e Misinformation and Hallucinations: A persistent issue is the generation of plausible-sounding but
incorrect or nonsensical information, often termed "hallucinations" (Akhtarshenas et al., 2025). This
undermines reliability, especially in critical applications.

e Bias: LLMs inherit biases present in their vast training datasets, which can manifest as gender,
racial, geographical, or ideological skews in their outputs (Akhtarshenas et al., 2025; Bender et al.,
2021; OpenAl, 2023a). These biases can perpetuate harmful stereotypes and lead to unfair
outcomes.

e Transparency and Explainability: The "black box" nature of LLMs makes it difficult to understand
their decision-making processes or trace the origins of errors (Infosys Limited, 2023; Wolf et al.,
2019; Liu et al., 2023; Mavrepis et al., 2024; Zhao et al., 2024). This lack of interpretability is a major
hurdle for debugging, ensuring fairness, and building trust.

o Contextual Understanding Limits: While improved, LLMs can still struggle with deeply nuanced
contextual understanding, complex linguistic structures (like center-embedding), rare words,
sarcasm, or the subtleties of human emotion (Akhtarshenas et al., 2025; Bender et al., 2021; OpenAl,
2023a).

These risks are significantly amplified in agentic systems. An agent that hallucinates or acts on

biased information can cause direct, real-world harm, making robust safety and alignment protocols
paramount (Weidinger et al., 2024).
Comparison to Human NLU: Studies demonstrate that the human brain's language processing
capabilities, particularly for complex syntactic structures and predictive reasoning, still surpass those of
current LLMs, even when comparing against non-native human speakers (Shormani, 2024). ChatGPT,
despite its sophistication, cannot be considered a complete theory of human language acquisition or
processing due to fundamental differences in learning mechanisms and underlying "competence” (Lake
& Baroni, 2023; Shormani, 2024).

2.4. Advancing Method and Theory in NLU through ChatGPT

The evolution of ChatGPT catalyzes new methodological and theoretical directions in NLU:
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e Methodologically, a key frontier is the development of agentic AI workflows. These systems
represent a profound shift, leveraging core NLU to interact with tools and environments to solve
complex, multi-step problems (Park et al., 2023; Shinn et al., 2023).

e Techniques like RAG are foundational, providing agents with grounded, verifiable knowledge
(Lewis et al., 2020; Hu & Lu, 2024; Wu et al., 2022; Yu, 2022).

e Probing methods like "evil twin" prompts (Empirical Methods in Natural Language Processing,
2024; Melamed et al., 2023; Mozes, 2024; Mozes et al., 2023; Oremus, 2023; Perez & Ribeiro, 2022;
Perez et al., 2022; Xue et al., 2023) and the push towards multimodality (Hariri, 2023; OpenAl,
2024c) are creating more robust and versatile models to power these agents.

A core tension in this advancement is between specialization and generalization. While foundation
models like ChatGPT exhibit broad capabilities (Akhtarshenas et al., 2025; OpenAl, 2023a), they are often
outperformed on specific tasks by fine-tuned models (Akhtarshenas et al., 2025; Hodge Jr, 2023; Perlman,
2023; Surden, 2023). This suggests future progress lies in a sophisticated interplay between generalist
models and specialized techniques. This is not merely about scaling models but designing smarter, more
adaptable architectures, perfectly exemplified by agentic frameworks. In these systems, a generalist LLM
acts as a central "reasoning engine" that intelligently selects and deploys specialized tools or knowledge
sources (like RAG) as needed (Xi et al., 2023). Theoretically, this points to a need for new frameworks
that model the trade-offs between generalization and specialization, drawing inspiration from cognitive
science theories on how humans balance broad knowledge with deep, domain-specific expertise to
achieve goals (Lake & Baroni, 2023).

Table 1 provides a comparative overview of different ChatGPT models and their NLU/content generation

characteristics, based on available information.
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Model Key Architectural | Notable NLU | Content Generation | Known Key Benchmark Performance
Version Features/Training | Capabilities Strengths Limitations (Example)
Data Cutoff
ChatGPT- Based on GPT-3.5, | Basic text tasks, | Dialogue, boilerplate | Accuracy issues, | GLUE average score ~78.7%
35 / 3.5-| Text/Code (pre- | translation, tasks, initial drafts, | bias, limited by | (comparable to BERT-base, lags
Turbo 2021/2023) conversational Al, faster | summaries (Infosys | training data | RoBERTa-large) (Shormani, 2024).
(Infosys Limited, | responses (Infosys | Limited, 2023; | cutoff, struggles | Passed Korea's BIM Expertise
2023; OpenAl | Limited, 2023; OpenAl, | OpenAl, 2023a; | with highly | Exam with 65% average (Yu et al.,
2023a) 2023a; Susskind & | Susskind & Susskind, | specialized tasks | 2025). Error rates in healthcare can
Susskind, 2022) 2022) (Akhtarshenas et | be high (Ray, 2023).
al., 2025; OpenAl,
2023a)
ChatGPT-4 | Based on GPT-4, | Multimodal (text), high | More coherent, | Still prone to | Passed Korea's BIM Expertise
Text/Code (pre- | precision, improved | contextually relevant | hallucinations, Exam  with  85%  average
2023) (Sapkota et | reasoning, expanded | text, complex | bias; costlier; | (improved to 88.6% with RAG for
al,, 2025; Achiam | context window (Hariri, | conversations, specific specific categories) (Yu et al,
et al,, 2023; | 2023; Achiam et al., 2023; | nuanced topics | weaknesses in | 2025). Lower error rates in
OpenAl, 2023b) OpenAl, 2023b; OpenAl, | (Hariri, 2023; Achiam | areas like local | business/economics (~15-20%)
2024b) et al, 2023; OpenAl, | guidelines compared to 3.5 (Ray, 2023).
2023b; OpenAl, | without RAG
2024b) (Ray, 2023; Bender
et al., 2021;
Achiam et al,
2023; OpenAl,
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2023b; Nguyen et
al., 2023)

GPT-40 / | Text/Code (pre- | Multimodal Richer, more | Newer models, | GPT-40 slightly better than 3.5-
GPT-40 2024) (Hariri, | (text/image/audio/video), | interactive responses, | long-term turbo and 4o-mini on research
mini 2023; OpenAl, | improved contextual | real-time limitations  still | quality score estimates
2024c) awareness, advanced | collaboration support | under study, but | (correlation 0.67 with human
tokenization, cost- | (Hariri, 2023; OpenAl, | likely share core | scores using title/abstract)
efficiency (mini) (Hariri, | 2024c) LLM challenges. (Thelwall, 2024). GPT-40 mini
2023; OpenAl, 2024c) outperforms GPT-3.5 Turbo on
MMLU (82% vs 69.8%) (RedBlink,
2025).
ol-series STEM-focused System 2 thinking, PhD- | Analytical rigor, | Specialized  for | ol-mini is best performing
(ol-preview, | data, some | level STEM reasoning | hypothesis STEM, general | benchmarked model on AIME
ol-mini, 01) | general data (pre- | (ol-preview), fast | generation/evaluation | capabilities 2024 and 2025 (OpenAl Help
2024/2025) reasoning (ol-mini), full | (biology, math, | relative to GPT-40 | Center, n.d.; OpenAl, 2024e). Used
(Sapkota et al, | ol reasoning and | engineering) (OpenAl | may vary. for generating Finite Element code
2025; OpenAl, | multimodality (ol) | Help Center, n.d,; in geotechnical engineering (Kim
2024d) (Sapkota et al., 2025; | OpenAl, 2024e) et al., 2025; OpenAl, 2024f).
OpenAl, 2024d)
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3. The New Epoch of Content Generation: Diverse Applications, Quality Assurance,
and Ethical Imperatives

ChatGPT has inaugurated a new epoch in content generation, demonstrating remarkable versatility
across an array of domains. This capability, however, is rapidly evolving from simple content creation to
autonomous task execution, which introduces more complex challenges concerning quality assurance and
ethical responsibility.

3.1. ChatGPT’s Role in Diverse Content Generation and Task Automation

The applications of ChatGPT and its underlying models are extensive and expanding from content
creation to proactive task completion:

e Technical and Scientific Content: In engineering, ChatGPT assists in drafting reports, generating
software documentation, and producing code snippets (Neveditsin et al., 2025). Multivocal literature
reviews indicate error rates for engineering tasks average around 20-30% for GPT-4 (Ray, 2023). In
medicine, it is used for generating patient reports and drafting discharge summaries (Hariri, 2023),
though error rates can range from 8% to 83% (Ray, 2023).

e Marketing and SEO Content: Marketers leverage ChatGPT for creating blog posts, ad copy, social
media updates, and personalized email campaigns. It also aids in SEO by generating topic ideas and
crafting meta descriptions (Fisher, 2025).

e Legal Content: Law firms utilize ChatGPT for drafting client correspondence, creating legal blog
content, and developing marketing materials to increase efficiency (Fisher, 2025).

¢ Creative Writing: ChatGPT has shown aptitude in generating creative content such as stories, poetry,
and scripts, acting as a catalyst for imaginative endeavors (Hariri, 2023; OpenAl, 2024c; Elkatmis,
2024; Niloy et al., 2024; Zhu et al., 2024).

¢ Academic Content: In academic settings, ChatGPT assists with literature reviews, drafting sections
of papers, generating study materials, and creating quizzes (Alasadi & Baiz, 2023; Dwivedi et al.,
2023; Isiaku et al., 2024; Michel-Villarreal et al., 2023; Preiksaitis & Rose, 2023; Wu, 2023; Cotton et
al., 2024).

e Automated Task Execution with AI Agents: The next frontier lies in Agentic Al, where LLMs are
empowered to act as autonomous agents. These agents move beyond generating content to
performing complex, multi-step tasks. For example, an agent might not just write code but also
debug it, or not just draft a marketing email but also execute the entire campaign by analyzing
performance data and adjusting its strategy (Park et al., 2023; Xi et al., 2023). This represents a shift
from a content creator to a task automator.

3.2. Methodologies for Quality Control, Coherence, and Accuracy

Ensuring the quality and reliability of AI outputs, whether static content or agentic actions, is
paramount.

¢ Human Oversight and Human-in-the-Loop: This remains the most critical control measure. Expert
review is essential for content where errors have severe consequences (Infosys Limited, 2023;
Dwivedi et al., 2023; Susskind & Susskind, 2022). For Agentic Al, this evolves into a "human-in-the-
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loop" model, where humans supervise, intervene, and approve agent actions before execution to
prevent errors and ensure safety (Shneiderman, 2022).

e Prompt Engineering: The quality of output is highly dependent on the input prompt. Effective
prompt engineering is a key skill for guiding both content generation and agent behavior (Vu et al.,
2025; Arvidsson & Axell, 2023; Marvin et al., 2023; Velasquez-Henao et al., 2023; Zhou et al., 2022;
Herman, 2025; Knoth et al., 2024; Pan et al., 2024).

o Iterative Refinement: Using feedback loops to progressively refine outputs is a common practice to
improve quality for both text and agent action sequences (Kaushik et al., 2025; Hadi et al., 2023; Chen
et al., 2025; Liu et al, 2023; Sivarajkumar et al., 2024; Xu et al., 2024).

o TFact-Checking and Source Verification: Due to the risk of hallucinations, rigorous fact-checking is
essential (Akhtarshenas et al., 2025; Hodge Jr, 2023; Perlman, 2023; Surden, 2023; OpenAl, 2024a).
For agents, this includes grounding their knowledge in real-time, verifiable data sources before they
act.

e Process and Tool-Use Validation: For Al agents, quality control must extend beyond the final output
to validate the entire process. This includes verifying that the agent's reasoning is sound and that it
uses its tools (e.g., web browsers, APIs) correctly and safely (Shinn et al., 2023).

e Specialized Evaluation Metrics and Tools: Domain-specific metrics like BLURB (Akhtarshenas et
al., 2025; Gu et al., 2021; Naseem et al., 2022) and tools like SelfCheckGPT (Akhtarshenas et al., 2025)
are crucial for objective assessment.

e Error Rate Analysis: Systematic analysis of error rates provides insights into reliability and
highlights areas needing improvement (Ray, 2023).

3.3. Ethical Considerations in Content and Task Automation

The power of generative Al brings forth a spectrum of ethical challenges that are amplified by the
introduction of autonomy.

e Bias: Generated content and agentic actions can reflect and amplify societal biases from training data
(Bender et al., 2021; Hariri, 2023; OpenAl, 2024c).

e Trustworthiness and Reliability: The probabilistic nature of LLMs means their outputs are not
always factually correct or reliable, posing risks if unverified information is disseminated (Garousi,
2025; Schiller, 2024; Lee, 2024; Preiksaitis & Rose, 2023; Hariri, 2023; Wu et al., 2024; Xu et al., 2024;
Xu et al., 2024).

e Security and Misuse: The potential for misuse is significant. Agentic Al dramatically lowers the
barrier for malicious activities by enabling the automation of tasks like orchestrating large-scale
phishing campaigns or propagating disinformation (Johnson & Acemoglu, 2023; OpenAl, 2023c;
Veisi et al., 2025).

e Accountability and Autonomous Action: Agents capable of autonomous action raise profound
ethical questions about accountability. Determining responsibility when an autonomous agent
causes financial, social, or physical harm is a complex challenge for which legal and ethical
frameworks are still nascent (Weidinger et al., 2024).
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e Social Norms and Cultural Sensitivity: Generated content and actions must align with diverse
cultural and societal expectations to avoid offense or misinterpretation (Johnson & Acemoglu, 2023;
OpenAl, 2023c; Veisi et al., 2025).

e Ethical Data Sourcing and Privacy: Concerns persist regarding the methods used for collecting
training data and the privacy of user inputs fed into ChatGPT (Daun & Brings, 2023; Marques &
Bernardino, 2024; Neveditsin et al., 2025; OpenAl, 2024a).

o Copyright and Authorship: The generation of content raises complex questions about intellectual
property rights, originality, authorship attribution, and plagiarism, especially when outputs closely
resemble training data or are presented as original work (OpenAl, 2023c; Gamage et al., 2023;
Hannigan et al., 2024; Jiang et al., 2024; Susnjak & McIntosh, 2024). Legal frameworks are still
evolving to address these issues (Infosys Limited, 2023).

3.4. Advancing Method and Theory for Responsible Content Generation & Task Automation

To navigate this new epoch responsibly, advancements in both methodology and theory are needed.
A "Human-AI Symbiotic" framework is proposed, where Al systems like ChatGPT handle initial drafting,
information synthesis, and repetitive aspects of content creation, while human experts focus on critical
review, strategic guidance, ethical filtering, creative refinement, and ensuring contextual appropriateness
(Levitt & Grubaugh, 2023; U.S. Department of Education, 2023). This moves beyond simple post-editing to
a more integrated collaborative process. This integrated collaboration is essential for both content
generation and the governance of Al agents. Furthermore, dynamic, context-aware quality control
mechanisms are crucial. Such a framework requires a paradigm shift, especially within academia, moving
away from viewing generative Al as a threat that erodes essential skills. Instead, it should be seen as an
opportunity to foster critical thinking and analytical capabilities (Levitt & Grubaugh, 2023). When properly
integrated, this human-Al collaboration can become a powerful tool to prepare students for an increasingly
Al-augmented workforce, where the ability to partner effectively with intelligent systems is a crucial skill
(U.S. Department of Education, 2023). Furthermore, the development of dynamic, context-aware quality
control mechanisms that adapt to the content type, intended audience, and potential risks is crucial, moving
beyond static checklists or generic evaluation metrics.

The landscape of ChatGPT-driven content generation is characterized by a fundamental "Quality-
Scalability-Ethics Trilemma." There exists an inherent tension in simultaneously achieving high-quality,
nuanced content, generating this content efficiently at scale, and rigorously adhering to ethical standards
such as bias mitigation, truthfulness, and intellectual property respect (Dempere et al., 2023; Gamage et al.,
2023; Hannigan et al., 2024; Jiang et al., 2024; Susnjak & McIntosh, 2024; Susskind & Susskind, 2022). This
inherent tension is acutely magnified with Agentic Al. Granting Al autonomy dramatically increases its
scalability and potential impact, making the trade-offs with quality and ethics far more critical. Prioritizing
scalability, such as rapid, fully automated content creation for mass dissemination, can lead to a
degradation in content quality — resulting in generic, superficial, or inaccurate outputs — and can
significantly amplify ethical risks, for example, through the widespread propagation of biased information
or misinformation. Similarly, strict adherence to comprehensive ethical guidelines, including rigorous bias
detection and mitigation protocols or meticulous checks for originality and factual accuracy, can inherently
slow down the generation process and limit the scope of what can be feasibly automated. An autonomous
system that scales rapidly without robust quality control and ethical safeguards poses unacceptable risks.
Efforts to enhance quality and ethics through human review or rigorous validation often reduce the speed

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.0429.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 July 2025 d0i:10.20944/preprints202507.0429.v1

11 of 35

and scalability that make agents so powerful (Ray, 2023; Garousi, 2025; Schiller, 2024; Nguyen et al., 2023;
Lee, 2024; Preiksaitis & Rose, 2023; Wu et al., 2024; Xu et al., 2024; Xu et al., 2024).

This trilemma implies that a central challenge is developing techniques that co-optimize these
dimensions or provide transparent trade-offs. This might involve multi-stage processes where different
levels of quality control and ethical scrutiny are applied based on risk, or Al-assisted tools for ethical
review. Theoretically, this calls for new models of "responsible generative efficiency" and "trustworthy
autonomy" that can quantify, predict, and guide the balance between these competing factors, moving the
field towards a more mature and accountable approach to Al content creation and task automation.

4. ChatGPT as a Catalyst for Knowledge Discovery: Methodologies, Scientific
Inquiry, and Future Paradigms

ChatGPT and similar LLMs are increasingly being explored not just as information retrieval tools but
as active catalysts in the process of knowledge discovery. This is evolving from simple assistance to the
deployment of autonomous systems that can manage complex scientific workflows, offering new
paradigms for generating novel insights.

4.1. Methodologies for Knowledge Extraction from Unstructured Data

LLMs excel at processing and interpreting unstructured text, which constitutes a massive portion of
the world's data. This capability is being harnessed through increasingly sophisticated methodologies:

e Information Extraction from Diverse Sources: ChatGPT can parse complex documents, such as
historical seedlists or health technology assessment (HTA) documents in different languages, to
extract specific data points where rule-based methods falter (Dagdelen et al., 2024; Mitra et al., 2024;
Yang et al., 2022; Shah et al., 2023).

e Qualitative Data Analysis Assistance: Researchers are exploring ChatGPT for assisting in
qualitative analysis, such as generating initial codes or identifying potential themes (Chen et al., 2025;
Kaushik et al., 2025; Liu et al, 2023; Sivarajkumar et al., 2024; Xu et al., 2024). However, careful
prompting and validation are required, as LLMs can generate nonsensical data if not properly guided
(Chen et al., 2025; Kaushik et al., 2025; Liu et al, 2023; Sivarajkumar et al., 2024; Xu et al., 2024).

¢ LLMs Combined with Knowledge Graphs (KGs): A promising methodology involves integrating
LLMs with KGs. The GoAl method, for instance, uses an LLM to build and explore a KG of scientific
literature to generate novel research ideas, providing a more structured approach than relying on
the LLM alone (Gao et al., 2025; Pan et al., 2024).

e Autonomous Knowledge Discovery with AI Agents: The next methodological leap involves
deploying Agentic Al to create automated knowledge discovery pipelines. These agents can be
tasked with a high-level goal and then autonomously plan and execute a sequence of actions — such
as searching databases, retrieving papers, extracting data, and synthesizing findings — to deliver
structured knowledge with minimal human intervention (Bran et al., 2024).

e Prompt Injection Vulnerabilities: Research into prompt injection techniques highlights how the
knowledge extraction process can be manipulated, underscoring security vulnerabilities that must
be addressed for reliable knowledge discovery, especially in autonomous systems (Chang et al.,
2025).
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4.2. Applications in Scientific Research

ChatGPT is finding applications across the scientific research lifecycle, with agentic systems poised to
integrate these functions into automated workflows:

e Hypothesis Generation: Models like GPT-4 can generate plausible and original scientific
hypotheses, sometimes outperforming human graduate students in specific contexts (Noy & Zhang,
2023; OpenAl, 2024e; OpenAl Help Center, n.d.).

¢ Literature Review Assistance: LLMs can accelerate literature reviews by summarizing articles and
identifying relevant papers and themes (Mitra et al., 2024; Dagdelen et al., 2024; Yang et al., 2022;
Albadarin et al., 2024; Gabashvili, 2023; Haman & Skolnik, 2024; Imran & Almusharraf, 2023;
Mostafapour et al., 2024; Wang et al., 2023; Waseem et al., 2023).

e Experimental Design Support: ChatGPT can assist in outlining experimental procedures but may
require expert refinement to address oversimplifications or "loose ends" (Dai et al., 2023; Eymann et
al., 2025; Fill et al., 2023; Li et al., 2023; OpenAl, 2024e).

e Data Analysis and Interpretation: LLMs can assist in analyzing large volumes of text data to identify
patterns and emerging themes (Haltaufderheide & Ranisch, 2024; Hariri, 2023; Gabashvili, 2023; Garg
et al.,, 2023; Li et al., 2024; Sallam, 2023; Pan et al., 2024; OpenAl, 2024c).

e Simulating Abductive Reasoning: LLMs can simulate abductive reasoning to infer plausible
explanations or methodologies, thereby aiding research discovery (Glickman & Zhang, 2024; Huang
& Chang, 2022; Bhagavatula et al., 2019; Garbuio & Lin, 2021; Magnani & Arfini, 2024; Pareschi, 2023;
Xu et al., 2025).

e Automating Research with Scientific Agents: The culmination of these capabilities is the creation
of scientific agents. These are autonomous systems designed to conduct research by integrating
multiple steps. For instance, a scientific agent could be tasked with a high-level research question
and then autonomously search literature, formulate a hypothesis, design and execute code for a
simulated experiment, analyze the results, and draft a preliminary report, dramatically accelerating
the pace of discovery (Boiko et al., 2023). OpenAl ChatGPT’s and Google Gemini’s Deep Research
language models are good examples.

4.3. Critical Assessment of ChatGPT’s Role in Advancing Research
The integration of generative Al into scientific inquiry presents a duality of prospects and challenges:

e Acceleration and Efficiency: Al has the potential to dramatically accelerate research by automating
time-consuming tasks, allowing researchers to focus on higher-level conceptual work (Dai et al.,
2023; Fill et al., 2023; Li et al., 2023; Noy & Zhang, 2023; Rice et al., 2024).

e Accuracy and Reliability Concerns: The propensity for hallucinations and bias is a major concern
that necessitates rigorous validation of all Al-generated outputs (Bender et al., 2021; OpenAl, 2024a;
Rice et al., 2024). This risk is magnified for autonomous agents, where acting on a single hallucinated
fact could derail an entire research workflow.

e The Indispensable Role of Human Expertise: Human expertise remains crucial for critical
evaluation, contextual understanding, and ensuring methodological soundness (Dai et al., 2023; Fill
etal., 2023; Lietal., 2023; Noy & Zhang, 2023; Rice et al., 2024). As research becomes more automated,
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the human role shifts from task execution to high-level strategic direction and critical supervision of
the AlI's process and outputs.

4.4. Advancing Method and Theory in Al-Augmented Knowledge Discovery
The use of Al in knowledge discovery is pushing methodological and theoretical boundaries:

e Frameworks like GoAl (Gao et al., 2025) exemplify a move toward structured methodologies that
combine LLMs with KGs for more transparent idea generation.

e The concept of LLMs "simulating abductive reasoning" (Glickman & Zhang, 2024) suggests a new
theoretical lens for understanding how these models contribute to scientific insight, moving beyond
pattern matching toward computational reasoning.

A significant hurdle in this new paradigm is the "Black Box Conundrum."” While tools like ChatGPT
can generate novel hypotheses (Eymann et al., 2025), the internal processes remain opaque (Dempere et al.,
2023). This opacity is especially problematic for science, which demands transparency and reproducibility.
The shift towards autonomous scientific agents makes this conundrum more acute. For an agent's
discoveries to be scientifically valid, its entire decision-making process must be transparent and verifiable.
An inscrutable "reasoning” process can lead to a "crisis of explanation,” undermining the principles of
systematic inquiry. Consequently, advancing true knowledge discovery with Al necessitates significant
progress in explainable AI (XAI) tailored for generative models (Dovesi et al., 2024). Without such
advancements, Al-assisted discovery might remain a useful heuristic but will lack the demonstrable rigor
required for foundational breakthroughs. This challenge calls for new theories of "computational scientific
reasoning” to bridge the gap between the statistical generation of current LLMs and the logical, evidence-
based reasoning that is the hallmark of the scientific method, especially as these reasoning capabilities
become embodied in autonomous agents.

5. Revolutionizing Education and Training: ChatGPT's Global Impact on Pedagogy,
Assessment, and Equity

The integration of ChatGPT into education has been met with a mixture of excitement and trepidation,
signaling a potential revolution in pedagogy, assessment, and the pursuit of educational equity. Its
capabilities offer novel ways to personalize learning and support diverse learner needs, but they also pose
significant challenges to traditional paradigms, particularly concerning academic integrity and the
development of critical thinking. This evolution is now accelerating toward the use of more autonomous
Agentic Al systems, magnifying both the opportunities and the risks.

5.1. Applications in Education

ChatGPT's versatility has led to its application across numerous facets of the educational landscape,
with agentic systems representing the next frontier.

e Personalized Learning: A primary application is facilitating personalized learning experiences.
ChatGPT can adapt content, offer real-time feedback, and function as a virtual tutor available 24/7
(Davar et al., 2025; Li, 2025).

e Curriculum and Lesson Planning: Educators use ChatGPT to assist in designing courses, developing
lesson plans, and visualizing theoretical concepts in practical settings (Li, 2025; Li et al., 2025).
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¢ Innovative Student Assessment: ChatGPT is being explored for generating diverse assessment items
and designing tasks that promote critical thinking (Davar et al., 2025). GenAl can also personalize
assessments and feedback based on learner responses (Arslan et al., 2024).

e Teaching Aids and Interactive Tools: The technology can be harnessed to develop engaging
teaching aids, virtual instructors, and interactive simulations (Davar et al., 2025).

e Support for Diverse Learners: ChatGPT enhances accessibility for students with disabilities and
multilingual learners through translation and simplification (Chan et al., 2024).

¢ Autonomous Learning Companions and Agents: The next evolutionary step is the deployment of
Al agents as personalized learning companions. These agents go beyond tutoring by autonomously
managing a student's long-term learning journey. They can co-design study plans, curate resources
from vast digital libraries, schedule tasks, and proactively adapt strategies based on performance,
transforming the learning process into a continuous, interactive dialogue (Molenaar, 2024; Salesforce,
2025).

5.2. Impact on Critical Thinking, Academic Integrity, and Ethics

The integration of ChatGPT — a generative Al — into education brings hightened implications for
cognitive skills and ethical conduct, which are amplified by agentic systems.

e Critical Thinking: A dichotomy exists where Al can either be used to generate thought-provoking
prompts that foster analysis or, through over-reliance, erode students' ability to think deeply
(Mohammed, 2025; Dempere et al., 2023). Concerns persist that students may become cognitively
passive (Alghazo et al., 2025). The introduction of Al agents deepens this concern, as they could
automate not just the answers but the entire process of inquiry and discovery, potentially deskilling
students in research and problem-solving (Zawacki-Richter et al., 2019).

e Academic Integrity: The risk of plagiarism with Al-generated text is a primary concern (Dempere et
al.,, 2023; Mohammed, 2025). With agents, this evolves from verifying authorship of text to verifying
authorship of action. Strategies to uphold integrity must shift toward assessments that are inherently
human-centric, such as project-based work and oral examinations (Mohammed, 2025).

e [Ethical Challenges: Broader ethical issues include data privacy, equity, and potential biases in Al
content (Dempere et al., 2023). Agentic Al introduces new dilemmas regarding student autonomy
and data sovereignty. An agent managing a student's learning collects vast amounts of sensitive
performance and behavioral data, raising critical questions about consent, surveillance, and how that
data is used to shape a student’s educational future (Prinsloo, 2020).

5.3. Global Perspectives and Educational Equity

The adoption and impact of ChatGPT in education varies significantly across global contexts,
influenced by infrastructure, literacy, and policy, technological infrastructure, digital literacy, cultural
norms, and institutional policies

¢ Diverse International Perceptions: Studies from regions like Pakistan and Indonesia reveal mixed
student perceptions, balancing the benefits of ChatGPT as an Al assistance with concerns about its
impact on deep thinking and integrity (Alghazo et al., 2025; Adiyono et al., 2025).

e Democratization vs. Digital Divide: ChatGPT has the potential to democratize education by
providing widespread access to high-quality learning resources (Li, 2025). However, it also risks
exacerbating the digital divide if access to technology, internet, and Al literacy are inequitably
distributed (Chan et al.,, 2024). The advent of powerful, resource-intensive learning agents could
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create a new, more profound equity gap between students who have access to personalized
autonomous tutors and those who do not (UNESCO, 2023).

e Cultural Context and Bias: LLMs trained on predominantly Western datasets may perpetuate
cultural biases (Dempere et al., 2023). While Al can be used to decolonize curricula, this requires
careful human oversight to avoid reinforcing existing biases (Chan et al., 2024).

5.4. Advancing Educational Research, Theories, and Pedagogical Models

The advent of ChatGPT and other generative Al tools necessitates a re-evaluation of educational
theories and practices.

e Revisiting Learning Theories: ChatGPT's capabilities challenge and offer new lenses through which
to view learning theories such as constructivism (where students actively construct knowledge,
potentially aided by Al tools) (Li et al., 2025) and self-determination theory (exploring Al's impact
on student autonomy, competence, and relatedness) (Alghazo et al., 2025).

o Transforming Assessment Paradigms: Traditional assessment methods are being questioned. There
is a call for innovative assessment strategies that emphasize higher-order thinking, creativity, and
authentic application of knowledge, rather than tasks easily outsourced to Al (Dempere et al., 2023).
This includes exploring personalized, adaptive assessments leveraging GenAl (Arslan et al., 2024).

¢ Methodological Rigor in Al-in-Education Research: There is a critical need for methodological rigor
in studying Al's impact on education. Researchers must carefully define experimental treatments,
establish appropriate control groups, and use valid outcome measures that genuinely reflect
learning, avoiding pitfalls of earlier "media/methods" debates where technology effects were often
confounded with instructional design (Weidlich & Gasevi¢, 2025).

e Developing New Pedagogical Models: The situation calls for the development of new pedagogical
models that constructively integrate Al This involves training educators and students in Al literacy,
prompt engineering skills, and the critical evaluation of Al-generated outputs, and designing
learning experiences that leverage Al as a tool for enhancing human intellect and creativity, rather
than replacing it (Kasneci et al., 2023; Zhai, 2023).

The widespread availability of ChatGPT presents a "Pedagogical Adaptation Imperative." The initial
defensive reactions focused on mitigating threats like plagiarism are insufficient (Mohammed, 2025;
Dempere et al., 2023). This "shock" to the system compels a fundamental shift toward cultivating higher-
order skills like critical thinking, creativity, and metacognition (Murray et al., 2025).

This necessitates a paradigm shift where Al is not just a tool to be policed but a cognitive partner to
be leveraged. The imperative is to adapt curricula to foster human-AlI collaboration. This vision must now
expand to include Agentic AL The future of education will likely involve a co-evolution where educators
become facilitators and strategic supervisors of Al-augmented learning experiences. Their role will shift to
managing classrooms of human-agent teams, guiding students in the ethical and effective use of their
personalized learning companions. Theoretically, this calls for new frameworks of "Al-Integrated
Pedagogy" that conceptualize learning as a synergistic process involving human learners, human
educators, and Al agents. It requires adapting theories like constructivism to account for knowledge co-
constructed with an autonomous agent, and developing new models of human-AI co-regulation to ensure
technology enhances, rather than undermines, human intellect and autonomy (Molenaar, 2024).
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6. Engineering New Frontiers with ChatGPT: Advancing Design, Optimization, and
Methodological Frameworks

ChatGPT and other LLMs are rapidly permeating various engineering disciplines, offering novel tools
for design, analysis, and optimization. Their ability to process natural language, generate code, and
synthesize information is creating new possibilities, with the evolution toward autonomous Agentic Al
systems poised to redefine traditional engineering methodologies.

6.1. Applications in Engineering Disciplines

The application of ChatGPT in engineering is diverse and expanding from task assistance to workflow
automation.

o Software Engineering: LLMs are used for code generation, debugging, automated code review, and
documentation, with experts reporting significant time savings (Neveditsin et al., 2025; Rawat et al.,
2024). LLMs can also assist in translating natural language requirements into code (Yadav et al.,
2025).

e Building Information Modeling (BIM), Architecture, and Civil Engineering: ChatGPT is explored
for semantic search, information retrieval, and task planning (Yu et al., 2025). RAG has proven
effective in helping ChatGPT apply localized BIM guidelines (Yu et al., 2025).

e Mechanical, Industrial, and General Engineering Design: LLMs assist in idea generation,
conceptual design, and formulating engineering optimization problems (Vu et al., 2025; Jiang et al.,
2025).

¢ Geotechnical Engineering: ChatGPT can generate finite element analysis (FEA) code for modeling
complex processes, though its effectiveness varies based on the programming library used,
underscoring its role as an assistant (Kim et al., 2025).

¢ Control Systems Engineering: Studies show ChatGPT can pass undergraduate control systems
courses but struggles with open-ended projects requiring deep synthesis and practical judgment
(Puthumanaillam & Ornik, 2025).

e Automated Design and Analysis with Engineering Agents: The next frontier is the deployment of
engineering agents. These are autonomous systems that can manage complex, multi-step
engineering workflows. For example, an agent could be tasked with a high-level goal, such as
designing a mechanical part, and then autonomously generate design options, use software tools to
run simulations (e.g., FEA), interpret the results, and iterate on the design until specifications are met
(Wang et al., 2023).

6.2. Theoretical Constructs and Novel Engineering Methodologies

The integration of ChatGPT is prompting new engineering methodologies and theoretical constructs.

e Prompt Engineering for Optimization: Effective problem formulation using ChatGPT relies heavily
on sophisticated prompt engineering and sequential learning approaches (Vu et al., 2025)

¢ Human-LLM Design Practices: Comparative studies are yielding insights into LLM strengths (e.g.,
breadth of ideation) and weaknesses (e.g., design fixation), leading to recommendations for
structured design processes with human oversight (Ege et al., 2025).

e Cognitive Impact on Design Thinking: Research is exploring how Al influences designers' cognitive
processes, such as fostering thinking divergence and fluency (Jiang et al., 2025).
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¢ LLMsin Systems Engineering (SE): While LLMs can generate SE artifacts, there are significant risks,
including tendencies towards "premature requirements definition" and "unsubstantiated numerical
estimates” (Topcu et al., 2025). These risks are magnified in autonomous agentic systems where
flawed assumptions could propagate through an entire automated workflow.

e Methodologies for Agentic Workflows: The rise of engineering agents necessitates new
methodologies for managing human-agent and agent-agent collaboration. This includes designing
frameworks for task decomposition, tool selection, and process validation to ensure the reliability
and safety of autonomous engineering systems (Team, 2024).

6.3. Impact on Engineer Productivity and Future Practice

The adoption of ChatGPT in engineering has clear implications for productivity and the nature of
work.

¢ Productivity Gains: Studies report significant productivity increases from using LLMs for tasks like
code generation and drafting (Yadav et al., 2025). The shift toward agentic Al promises to extend
these gains from task assistance to end-to-end workflow automation (Rawat et al., 2024).

e Concerns and Challenges: Concerns exist about over-dependence on Al, which could lead to skill
degradation, and anxieties about job security (Yadav et al., 2025). The need for human oversight
remains critical due to potential inaccuracies and biases (Ray, 2023).

¢ Preparing Future Engineers: Engineering curricula must adapt to prepare students for workplaces
where GenAl tools are prevalent. This includes teaching Al literacy, prompt engineering, and the
critical evaluation of Al outputs to ensure they can effectively supervise and collaborate with Al
systems (Murray et al., 2025).

6.4. Advancing Engineering Methodologies and Theoretical Frameworks

The capabilities of ChatGPT can serve as a catalyst for advancing engineering methodologies and
developing new theoretical frameworks:

e Agent-Assisted Engineering Frameworks: There is an opportunity to develop structured
frameworks that explicitly integrate Al agents at various stages of the engineering design process.
These frameworks would define roles, responsibilities, and interaction protocols for human
engineers and their agentic counterparts.

e Theories of AI-Robustness in Design: The identification of LLM failure modes (Topcu et al., 2025)
can inform new theories around "Al-robustness" to predict and mitigate risks associated with using
Al in critical applications.

The application of LLMs like ChatGPT in engineering is fostering a shift towards what can be
conceptualized as "Human-AlI Cognitive Symbiosis.” Current evidence indicates that while LLMs can
assist with a range of tasks (Yadav et al., 2025; Ege et al., 2025; Kim et al., 2025), they require significant
human guidance and correction, especially in complex or safety-critical situations (Kim et al., 2025;
Puthumanaillam & Ornik, 2025). Human engineers possess superior capabilities in deep contextual
understanding, critical judgment, and true innovation, areas where current LLMs are limited (Ege et al.,
2025).

The most effective applications arise when human engineers strategically leverage these Al systems
as powerful cognitive partners. This dynamic is evolving with the advent of Agentic Al It is less about Al
replacing engineers and more about augmenting their capabilities by delegating complex workflows to
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autonomous agents under human supervision. Consequently, engineering education and practice must
evolve to cultivate "Al-collaboration literacy" — the skills required to effectively prompt, guide, validate,
and ethically integrate the work of Al agents. The engineer's role will shift from a sole problem-solver to
an orchestrator of human and Al agent collaborative systems. This necessitates new theoretical models of
"Human-Agent Symbiosis” in engineering. Such theories would aim to elucidate how the distinct
strengths of humans and Al agents can be optimally combined and how to design engineering processes
that cultivate this synergy, elevating Al from mere "tools" to active, agentic partners in the engineering
endeavor.

Table 2 summarizes key applications of ChatGPT in education and engineering, highlighting benefits,
challenges, and novel implications.
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Table 2. Key Applications of ChatGPT in Education and Engineering: Benefits, Challenges, and Novel Methodological/Theoretical Implications (Authors).

Application | Specific Use Cases Documented Benefits Key Challenges Novel Methodological/Theoretical
Area Implications
Personalized learning, | Tailored content, adaptive | Over-reliance, reduced critical | Development of  "Al-Integrated
virtual tutoring (Davar | pacing,  24/7  support, | thinking, accuracy of | Pedagogy"; re-evaluation of
et al., 2025) increased engagement | information, data privacy, | constructivist and self-determination
(Davar et al., 2025) equity of access (AlAli & | learning theories in Al contexts.
Wardat, 2024)
Curriculum/Lesson Efficiency for educators, | Quality of AI suggestions, | Frameworks for Al-assisted
Planning (Li, 2025) idea generation, diverse | maintaining teacher creativity, | curriculum design that balance
Education material creation (Li, 2025) | potential for generic content (Li, | efficiency with pedagogical
2025) soundness and teacher agency.
Student  Assessment | Generation of diverse | Academic integrity | New assessment paradigms focusing
(Chan et al., 2024) quiz/exam questions, | (plagiarism), difficulty | on higher-order skills, process over
formative feedback, | assessing true understanding, | product; ethical guidelines for Al in
personalized  assessment | fairness  of  Al-generated | assessment.
(Li, 2025) assessments (Mohammed,
2025)
Software Engineering | Increased developer | Accuracy of generated code, | "Human-LLM Cognitive Symbiosis"
(Code generation, | productivity, reduced | over-dependence, skill | models for software development; Al-
debugging, QA) | coding time, improved code | degradation, security risks, bias | collaboration literacy for engineers.
. . (Yadav et al., 2025) quality (Yadav et al., 2025) | in code (Yadav et al., 2025)
Engineering
BIM/Architecture/Civil | Enhanced understanding of | Reliance on quality of RAG | Methodologies for integrating LLMs
Engineering (Info | domain-specific knowledge | documents, need for domain | with domain-specific ~knowledge
retrieval, design | (with RAG), task planning | expertise in prompt/RAG setup | bases (e.g., RAG) for specialized
support (Yu et al., 2025) (Yu et al., 2025) engineering tasks.
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visualization) (Yu et

al.,, 2025)

Mechanical/Industrial | Accelerated idea | Design fixation, unnecessary | "Al-Augmented Engineering Design"
Design (Ideation, | generation, exploration of | complexity, misinterpretation | frameworks; theories of "Al-
prototyping, diverse concepts, assistance | of feedback, unsubstantiated | robustness" in design; understanding
optimization) (Jiang et | in optimization problem | estimates (Ege et al., 2025) LLM impact on cognitive design
al., 2025) formulation (Jiang et al., processes.

2025)
Geotechnical Assistance in implementing | Extensive human intervention | Frameworks for human-AI
Engineering (Finite | numerical models, | needed for low-level | collaboration in complex numerical
Element Analysis code | especially with high-level | programming or complex | modeling and simulation.
generation) (Kim et al., | libraries (Kim et al., 2025) problems; requires user

2025)

expertise (Kim et al., 2025)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202507.0429.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 July 2025 d0i:10.20944/preprints202507.0429.v1

21 of 35

7. Navigating the AI Revolution: Themes, Tensions, Critical Gaps, and
Future Directions

The proliferation and evolving capabilities of ChatGPT have undeniably reshaped multiple
domains, yet this progress is accompanied by critical research gaps and a pressing need for a forward-
looking agenda. Synthesizing findings across Natural Language Understanding (NLU), content
generation, knowledge discovery, education, and engineering reveals common themes and distinct
challenges that must be addressed to harness the full potential of generative Al ethically and
effectively, especially as the technology advances from passive tools to autonomous Agentic Al
systems.

7.1. Common Themes Across Domains

A foundational theme is the transformative capability of ChatGPT. Hailed as a "disruptive"
technology, its ability to generate human-like text and engage in complex tasks is altering established
practices. Newer models like GPT-40 and the ol series incorporate multimodality and advanced
reasoning, pointing towards future models with enhanced "System 2 thinking" (Hagendorff, 2024).
This opens doors to unexplored applications with significant disruptive potential, including the
deployment of autonomous agentic systems capable of complex, multi-step task execution across
science, education, and engineering. However, these advancements are accompanied by significant
limitations. These include persistent issues with factual inaccuracy ("hallucinations"), inherent
biases, the lack of transparency ("Black Box Conundrum"), and difficulties with complex reasoning.
This necessitates the essential role of human oversight. The concept of Human-AI "Cognitive
Symbiosis" emerges as a crucial paradigm, which is now evolving from collaboration with passive
tools to frameworks of human-agent teaming and orchestration where humans guide and supervise
autonomous systems (Shneiderman, 2022). Furthermore, pervasive ethical considerations are
interwoven throughout all domains, including bias, reliability, misuse, data privacy, and authorship.
Finally, the disruptive nature of ChatGPT necessitates a fundamental imperative for adaptation.
This involves significant changes in educational pedagogy ("Pedagogical Adaptation Imperative"),
engineering design processes ("Human-Agent Cognitive Symbiosis"), and the development of new
methodologies for quality control across all fields. Figure 1 provides a broad overview of the
contribution of this critical review.
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explainable. content rights. reaches conclusions. educational impacts. and reliably

Figure 1. Overview of this study’s contribution. Navigating Al's Ethical Frontier and Human-AI Synergy:
Balancing Technology and Society.

7.2. Synthesis of Themes and Identification of Critical Research Gaps

The interplay of these themes creates inherent tensions and highlights critical research gaps,
which are magnified by the prospect of agentic AL

¢ Natural Language Understanding (NLU): The "Specialization vs. Generalization Tension"
persists. A fundamental gap lies in discerning genuine semantic understanding versus
sophisticated pattern matching (Shormani, 2024; Katzir, 2023; Baroni, 2020; Lake, 2019). This
gap becomes a critical safety concern for agentic systems that must act reliably based on their
understanding of commands and environmental cues. The lack of explainability hinders trust
and theoretical advancement, a problem that becomes acute when an agent's reasoning cannot
be audited (Achiam et al., 2023; Liu et al., 2023; Sapkota et al., 2025).

¢ Content Generation: The "Quality-Scalability-Ethics Trilemma" is a core challenge (Dempere
et al., 2023; Gamage et al., 2023). With the rise of agentic Al, this trilemma intensifies, as the
potential for autonomous systems to act unethically at scale poses a far greater risk than
generating harmful text alone. New technical solutions and legal frameworks are urgently

needed to govern the actions of these agents (Ballardini et al., 2019; Craig, 2022).

¢ Knowledge Discovery: The "Black Box Conundrum" hinders the validation of Al-generated
insights (Dai et al., 2023; Noy & Zhang, 2023). When a scientific agent autonomously conducts
a research workflow, the need for a transparent and reproducible "chain of reasoning" becomes

paramount for scientific integrity.

¢ Education: The "Pedagogical Adaptation Imperative" demands a shift in focus to skills that
complement Al A critical gap is the lack of research on how to educate students to collaborate

with and critically supervise learning agents without sacrificing their own cognitive autonomy
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(Weidlich & Gasevi¢, 2025; Kasneci et al., 2023). Ensuring equitable access to powerful learning

agents is crucial to prevent a widening of educational disparities (Sabzalieva & Valentini, 2023).

¢ Engineering: The "Human-LLM Cognitive Symbiosis" must evolve into robust human-agent
teaming. A major gap exists in developing validation techniques for agents in safety-critical
applications and creating theoretical frameworks for trust and responsibility in these

collaborative systems (Topcu et al., 2025; Miller, 2023).

Binding these is the overarching "Ethical-Technical Co-evolution Imperative." Technical
advancements are inextricably linked with escalating ethical challenges (Bender et al., 2021). This is
most evident with agentic Al, where the capacity for autonomous action demands that ethics, safety,
and alignment are not afterthoughts but are embedded into the core design of the system (Weidinger
et al., 2024).

7.3. Proposal of a Forward-Looking Research Agenda

To address these gaps, a concerted research agenda is proposed, with a special focus on the
challenges and opportunities presented by agentic Al

7.3.1. Methodological Advancements

e NLU: Develop benchmarks that assess "deep understanding" and robust reasoning, critical for
safe agentic behavior.

e Content & Action Generation: Design adaptive quality and ethical control frameworks that
are integrated directly into an agent's decision-making loop.

¢ Knowledge Discovery: Develop and validate rigorous protocols for human supervision of Al-
assisted hypothesis generation and experimentation.

e Education: Conduct longitudinal studies on the impact of learning agents on cognitive
development. Design and test Al literacy curricula focused on human-agent collaboration.

e Engineering: Formulate comprehensive testing and validation protocols for agents used in
safety-critical design tasks and implement robust human-in-the-loop control frameworks.

e Cross-Domain Methodologies for Agentic Systems: A crucial priority is to develop
standardized safety protocols, robust and intuitive human-in-the-loop control mechanisms,
and secure "sandboxing" environments for testing the behavior of autonomous agents before

deployment in real-world settings.

7.3.2. Theoretical Advancements:

e NLU: Formulate theories of "Explainable Generative NLU" to make agent reasoning

transparent.

¢ Content & Action Generation: Develop "Ethical Al Agency Frameworks" that provide a

theoretical basis for guiding the responsible actions of autonomous systems.

¢ Knowledge Discovery: Propose "Computational Creativity Theories" to explain how Al agents

contribute to novel discovery.

e Education: Build "Al-Augmented Learning Theories" that model how students learn

effectively in partnership with Al agents, exploring frameworks like "Cyborg Pedagogy."
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e Engineering: Conceptualize "Human-Agent Symbiotic Engineering Theories" that define

principles for shared cognition and distributed responsibility in human-agent teams.

o Theories of Trustworthy Autonomy and Governance: An overarching theoretical challenge is

to develop robust theories of human-agent teaming, create computational models for agent

accountability, and design governance frameworks for multi-agent ecosystems where agents

interact with each other and with society (Xi et al., 2023).

This research agenda must be guided by the "Ethical-Technical Co-evolution Imperative." This

implies embedding ethical design, fairness, transparency, and safety into the core R&D lifecycle of

Al systems. Methodologically, this requires new ways to test for and mitigate ethical risks.

Theoretically, it calls for "Co-evolutionary Al Development Frameworks" that model the interplay

between technical progress and societal impact. This involves fostering "Anticipatory Governance"

models for Al, where potential future impacts of widespread agent deployment are systematically

explored and proactively addressed to guide innovation toward solutions that are not only powerful

but also principled, equitable, and aligned with human values (Floridi & Nobre, 2024).

Table 3 outlines critical research gaps and proposes elements of a future agenda.

Table 3. Critical Research Gaps and Future Agenda for ChatGPT Research (Advancing Method and Theory).

Domain Specific Identified | Proposed Novel | Potential Potential
Research Gap Research Methodological Theoretical
Question(s) Advancement Advancement
NLU True semantic | How can NLU | Development of | Theories of
understanding vs. | models be | "Deep "Explainable
mimicry; designed to exhibit | Understanding Generative
robustness to | verifiable deep | Benchmarks"; NLU"; models of
ambiguity; understanding and | new XAI | computational
explainability provide techniques for | semantics
(Sapkota et al, | transparent generative NLU. | beyond statistical
2025) reasoning for their co-occurrence.
interpretations?
Content Ensuring  factual | What adaptive | Adaptive, "Ethical Al
Generation | accuracy; dynamic | mechanisms can | context-aware QA | Content
quality control; IP & | ensure  real-time | frameworks; Frameworks";
copyright quality and ethical | blockchain or | theories of
(Dempere et al, | compliance in Al | other technologies | "Responsible
2023) content generation | for  provenance | Generative
across diverse | tracking. Efficiency."
contexts?
Knowledge | Validating Al- | How can LLMs be | Rigorous "Computational
Discovery generated integrated into the | validation Creativity
hypotheses; scientific method | protocols for Al- | Theories" for
moving from info | to reliably generate | discovered scientific
extraction to | and validate novel, | knowledge; discovery;
insight; ethical Al'in | theoretically hybrid LLM-KG- | models of Al-
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NL to code/design
beyond  software

(Yadav et al., 2025)

science (Rice et al., | grounded Experimental assisted
2024) hypotheses? methodologies. abductive
reasoning.

Education Longitudinal What pedagogical | Longitudinal "Al-Augmented
impact on learning | frameworks mixed-methods Learning
& critical thinking; | optimize human- | studies; co-design | Theories";

Al literacy | AI  collaboration | of AI literacy | frameworks for
curricula; equity & | for deep learning | programs  with | "Cyborg

bias in  EdAI | and critical skill | educators and | Pedagogy';
(Dempere et al., | development students; theories of ethical
2023); K-12 & | across diverse | comparative Al integration in
special education | learners and | studies in | diverse

gaps (Dimeli & | contexts? underrepresented | educational
Kostas, 2025) educational systems.

settings.

Engineering | LLMs in safety- | How can | Protocols for LLM | "Human-Al
critical tasks; | engineering design | validation in | Symbiotic
understanding and optimization | complex Engineering
LLM failure modes | processes be re- | simulations; Design Theories";
in complex design | theorized to | frameworks for | theories of "Al-
(Topcu et al., 2025); | effectively and | human-in-the- Robustness"  in
human-LLM safely incorporate | loop control for | engineering
collaboration LLM cognitive | safety-critical systems.
frameworks capabilities? engineering Al
(Empirical Methods
in Natural
Language
Processing, 2024);

7.4. Practical Implications for Method, Theory, and Practice

The synthesis of these themes and the proposed research agenda have profound implications,

particularly as the field moves from passive language generation toward autonomous Agentic Al

e Method: The identified limitations necessitate new methodological approaches. This includes

developing robust validation protocols for both generated content and agentic actions,

advancing techniques like Retrieval-Augmented Generation (RAG) to ground agent

knowledge (Lewis et al., 2020), and establishing prompt engineering as a core skill for effective

human-agent interaction. Crucially, new methods are needed for designing, testing, and

ensuring the safety and reliability of complex, multi-step agentic workflows (Team, 2024).
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e Theory: The challenges and emergent interactions demand new theoretical frameworks. These
include theories for Explainable NLU, Responsible Generative Efficiency, and Al-assisted
Abductive Reasoning. In education and engineering, this means developing AI-Augmented
Learning Theories and Human-Agent Symbiotic Engineering Theories. These frameworks are
the essential theoretical underpinnings for building trustworthy and beneficial Al agents.
Overarching this is the need for Co-evolutionary Al Development Frameworks that model the
interplay between technical and ethical progress, which is paramount for guiding agentic
systems (Floridi & Nobre, 2024).

e Practice: The practical implications are vast, requiring significant adaptation. This includes
revising educational pedagogy to focus on skills like critical thinking and Al literacy, training
professionals in human-agent teaming (HAT) (Seeber et al., 2020), implementing rigorous
quality assurance for Al outputs, and prioritizing ethical design and bias mitigation. The shift
in practice is from using Al as a tool to leveraging it as a cognitive partner; this partnership is
evolving into one where humans provide strategic oversight and ethical judgment for

increasingly autonomous Al agents (Shneiderman, 2022).

This integrated view underscores that the future of Al is not merely a technical challenge but a
complex interplay of technological advancement, ethical considerations, and societal adaptation.

8. Limitation of this Critical Review Study

This study is subject to several limitations. Primarily, as a review, its conclusions are drawn from
the synthesis of existing literature, research findings, and conference proceedings rather than from
original empirical research. This reliance on secondary sources means the study's scope and depth
are constrained by the quality and recency of available publications. Furthermore, the focus is
specifically on ChatGPT and similar large language models (LLMs), which may not fully represent
the nuances or challenges associated with other classes of Al models. A significant constraint is the
dynamic nature of the field; the insights and identified gaps, while current at the time of writing, are
susceptible to becoming quickly outdated as Al capabilities evolve at an unprecedented pace. Finally,
the review acknowledges the inherent difficulty in objectively assessing "deep understanding,” as
distinguishing between genuine semantic comprehension and sophisticated statistical pattern
matching in LLMs remains a fundamental research challenge.

9. Conclusions

The journey through ChatGPT's applications reveals a consistent theme: while these tools can
automate, augment, and accelerate many tasks, they are not panaceas. In NLU, the tension between
generalization and specialization persists. In content generation, the pursuit of quality, scalability,
and ethics forms a complex trilemma. For knowledge discovery, the "black box" nature of LLM
reasoning poses a conundrum for scientific rigor. In education, the "pedagogical adaptation
imperative" calls for a fundamental rethinking of teaching and learning. Similarly, in engineering,
the concept of "human-LLM cognitive symbiosis” suggests a future of human-AlI collaboration. All
these domain-specific challenges converge and intensify with the advent of Agentic Al, which
embodies the next frontier of capability, complexity, and risk.

The contributions of this critical review lie in framing these observations within broader
conceptual challenges. Identifying the "Specialization vs. Generalization Tension," the "Quality-
Scalability-Ethics Trilemma," the "Black Box Conundrum," the "Pedagogical Adaptation Imperative,"
and the evolution of "Human-LLM Cognitive Symbiosis" into "Human-Agent Orchestration”
provides a structured way to understand the trajectory of ChatGPT and similar other generative Al
tools. These frameworks underscore that advancing method and theory is not merely a technical
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pursuit but one deeply intertwined with the ethical and practical challenges of steering increasingly
autonomous systems.

Harnessing the benefits of Al requires an unwavering commitment to ethical development,
deployment, and continuous critical evaluation. This involves addressing biases, ensuring
transparency, safeguarding privacy, and proactively considering societal impacts, especially for
autonomous agents. The path forward is not one of unbridled technological determinism but of
thoughtful, human-centered innovation (Shneiderman, 2022). As Al systems continue their rapid
evolution toward greater autonomy, the global community must engage in ongoing interdisciplinary
dialogue. The research agenda proposed herein offers starting points for such endeavors. By
embracing critical innovation and a profound sense of responsibility, it is possible to navigate the
complexities of the Al revolution, mitigating its risks while leveraging its immense potential to
advance knowledge, enhance human capabilities, and contribute to global well-being. The journey is
complex, but with diligent inquiry and ethical stewardship, the expanding horizons of agentic Al can
indeed lead to a more informed, efficient, and equitable future.
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