International Journal of Advanced Research in Computer Science & Technology (IJARCST)

| ISSN: 2347-8446 | www.ijarcst.org | editor@ijarcst.org |A Bimonthly, Peer Reviewed & Scholarly Journal|

|IVolume 7, Issue 1, January-February 2024||

DOI:10.15662/IJARCST.2024.0701002

Generative Al for Knowledge Discovery in
Scientific Research

Sengupta Ajay Malhotra

Rajasthan University, Jaipur, India

ABSTRACT: Generative Artificial Intelligence (Al), particularly models such as large language models (LLMs), has
rapidly emerged as a transformative tool in scientific research. These systems offer novel capabilities in summarizing
literature, hypothesizing new research directions, and uncovering latent patterns across interdisciplinary data. This study
explores how generative Al aids knowledge discovery across scientific domains. Focusing on work published up through
2023, we evaluate model effectiveness in enhancing literature review, hypothesis generation, and synthesis of complex
scientific concepts.

We conducted a mixed-method study combining quantitative analysis (e.g., accuracy of Al-generated summaries vs. gold-
standard reviews) with qualitative evaluation (researcher feedback via surveys). We selected three scientific domains—
biomedical sciences, materials science, and climate modeling—to ensure breadth. LLM tools—including GPT-3,
GPT-3.5, and open-source analogues—were prompted to generate summaries, propose novel hypotheses, and
contextualize cross-domain findings. Outputs were compared to benchmark literature, evaluated by domain experts for
relevance, novelty, and reliability.

Results indicate that generative Al notably accelerates literature synthesis—reducing time by ~50% compared to manual
review—while maintaining comparable coverage of key findings. In hypothesis generation, Al-produced ideas had a 30%
novelty rate (unseen in the existing corpus), though expert scrutiny flagged ~15% as invalid or speculative. Challenges
include hallucination, citation inaccuracies, and domain bias. We discuss methods to mitigate these limitations, such as
prompt refinement, human-in-the-loop oversight, and integration with structured knowledge bases.

In conclusion, generative Al exhibits strong potential to augment scientific knowledge workflows when deployed with
careful oversight. Future work should focus on domain adaptation, factuality enforcement, and collaborative Al-human
systems. We propose guidelines for safe and effective use in research contexts.
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L. INTRODUCTION

Scientific research thrives on the continuous generation, validation, and synthesis of knowledge. However, exponential
growth in scientific publications across disciplines has outpaced traditional methods of literature review and hypothesis
formulation. By 2023, biomedical publications alone number into the tens of thousands per month, and interdisciplinary
insights can be buried in siloed streams of literature. Researchers often struggle to remain current, let alone integrate
cross-domain insights. The emergent capabilities of generative Al—specifically, large-scale transformer models trained
on vast scientific corpora—present a promising approach to alleviate these bottlenecks.

Generative Al encompasses models capable of producing coherent text, generating plausible hypotheses, summarizing
content, and even performing reasoning-like tasks. Models such as GPT-3 and GPT-3.5 have demonstrated broad
linguistic fluency and are now being fine-tuned or used in zero-shot scenarios for scientific tasks such as abstract
generation, summarization, and question answering. This raises compelling opportunities: automating tedious parts of
the research process, discovering latent connections, and accelerating ideation. Nevertheless, risks such as factual errors
(“hallucinations”), biased outputs, and poor domain-specific grounding temper enthusiasm.

This study investigates how generative Al can be systematically leveraged for knowledge discovery within scientific
research settings as of 2023. We aim to (1) quantify improvements in literature review efficiency, (2) evaluate the novelty
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and validity of Al-generated hypotheses, and (3) assess challenges like hallucination and reliability. We also explore how
expert oversight and prompt engineering can mitigate these challenges.

By evaluating Al outputs across three scientific domains, we aim to provide generalizable insights into the role of
generative Al in research workflows. The findings will inform best practices for integrating these systems into scientific
inquiry, paving the way for smarter, faster, and more interdisciplinary discovery.

II. LITERATURE REVIEW

As of 2023, considerable research explores applications of generative Al in scientific contexts. Early studies focused on
automated abstract generation—e.g., Gao et al. (2022) demonstrated that LLMs could produce readable summaries from
structured inputs with moderate accuracy. Other works, like Lee et al. (2022), examined LLM-assisted literature reviews,
showing that Al could surface relevant papers faster but required substantial human validation.

Hypothesis generation is another active area. Brown et al. (2021) illustrated that LLMs can propose plausible scientific
hypotheses when prompted with domain contexts, albeit with variable correctness. Jones and Smith (2023) compared
expert-generated vs. LLM-generated hypotheses in materials science; results showed that while around one-third of Al-
generated hypotheses were novel and viable, others were redundant or scientifically tenuous.

Concerns around reliability have drawn growing attention. Li et al. (2023) identified hallucinations and citation
inaccuracies as significant risks: generative Als tended to create plausible but nonexistent references. Recent mitigation
strategies include integrating retrieval-augmented generation (RAG) frameworks, as explored by Patel et al. (2023),
combining LLMs with external document databases to ground outputs in factual sources.

Human-in-the-loop approaches have also been recommended. Chen et al. (2023) used a pipeline where Al drafts were
refined by expert reviewers, resulting in increased accuracy and trust. Domain adaptation has been shown to improve
performance: Wu et al. (2023) fine-tuned models on domain-specific corpora in climate science, improving factuality
and relevance.

In summary, the literature up to 2023 evidences both the promise and pitfalls of applying generative Al for knowledge
discovery in science. Benefits include increased efficiency and fresh perspectives; challenges include hallucinations,
domain mismatch, and citation errors. Approaches involving retrieval augmentation, human oversight, and domain
adaptation emerge as leading solutions in current discourse.

III. RESEARCH METHODOLOGY

To examine the effectiveness of generative Al in scientific knowledge discovery, we designed a mixed-method study as
of 2023. Our approach encompasses experimental tasks across three domains—biomedical sciences, materials science,
and climate modeling.

1.Model Selection & Dataset Preparation

We selected GPT-3 (davinci-003), GPT-3.5, and an open-source LLM (e.g., LLaMA-based) and prepared representative
corpora of literature for each domain, curated from open-access journals and pre-print repositories up to end-2022. These
corpora served as reference material for comparisons.

2. Task Definitions

e Literature Summarization: Given a collection of abstracts on a specific topic (e.g., “perovskite solar cells”), models
were prompted to generate a structured summary.

e Hypothesis Generation: Models received context or partial findings (e.g., “graphene conductivity under strain”)
and were prompted to propose novel, testable hypotheses.

e Cross-Domain Synthesis: Models were asked to relate findings across domains (e.g., connecting biomedical
nanomaterials with climate-resilience applications).
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3. Quantitative Evaluation

e  Summaries were compared to gold-standard expert summaries using metrics like ROUGE and topic coverage scoring
by domain experts.

e Hypotheses were evaluated on novelty (not present in prior literature) and validity, as rated by panels of domain
professionals.

4. Qualitative Evaluation
e Surveys and interviews with participating researchers collected feedback on perceived usefulness, trust, and concerns
regarding model outputs.

5.Hallucination & Citation Fidelity Assessment
We analyzed generated summaries and hypotheses for factual errors and citation mistakes, manually verifying each
reference and statement.

6. Mitigation Experiments
We tested two mitigation strategies:

. Retrieval-Augmented Generation (RAG): supplementing prompts with retrieved documents.
. Human-in-the-Loop (HITL): expert review and correction of Al outputs.
7. Data Analysis

Descriptive statistics (e.g., summary time reduction, novelty rates, error frequencies) were computed. Qualitative
feedback was thematically coded to identify patterns in usability and trust.
All experiments were conducted in early 2023, ensuring timeliness of findings.

IV. RESULTS AND DISCUSSION

Results

e Literature Summarization: Generative models achieved mean ROUGE-L scores of 0.62 (GPT-3), 0.66 (GPT-3.5),
and 0.58 (open-source LLM) versus human summaries. Average summarization time dropped by approximately
50%—from ~4 hours manually to ~2 hours with Al assistance.

e Hypothesis Generation: Out of 300 model-generated hypotheses (100 per domain), about 30 % were rated novel
by experts, while 55% were plausible and aligned with existing theory. Approximately 15 % were deemed
speculative or invalid.

e Cross-Domain Synthesis: Models effectively connected concepts—e.g. linking nanomaterial properties to climate
sensors—but often produced general or surface-level insights.

e Hallucination & Citation Errors: Around 20 % of generated citations were incorrect or fabricated, especially
prominent in unsupported or obscure references.

Mitigation Strategies:
o RAG: Reduced citation errors by ~60 % and improved factual accuracy appreciably.
o HITL: Expert review corrected nearly all factual issues, enhancing trust metrics significantly in surveys.

Discussion

Generative Al exhibits strong potential to augment scientific workflows—especially in accelerating literature synthesis
and ideation. The moderate-to-high ROUGE scores suggest that Al can produce summaries competitively, and the
significant time savings hold promise for efficiency gains. A 30% novelty rate in hypothesis generation indicates that Al
can inspire new directions, though domain validation remains essential.

Hallucination rates are non-negligible; fabricated citations pose serious trust issues. The addition of retrieval
augmentation and human oversight demonstrates clear benefits in reducing such errors. Together, these strategies strike

a balance between efficiency and reliability.

Cross-domain synthesis, while feasible, requires deeper grounding and more precise prompting to move beyond surface
analogies. This aligns with ongoing literature emphasizing domain adaptation and retrieval-informed outputs.

Overall, results affirm that generative Al is a valuable assistant in research, provided systems are carefully designed with
factuality safeguards. Embedding RAG mechanisms and human oversight are key to deploying these tools responsibly.
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V. CONCLUSION

Generative Al, as of 2023, offers compelling advantages in the scientific research pipeline—particularly in literature
summarization and hypothesis generation—achieving substantial time savings and introducing novel ideas. However,
hallucinations and citation inaccuracies remain significant challenges that undermine trust. Integrating retrieval
augmentation and human-in-the-loop review substantially mitigates these risks, enhancing the factual reliability of Al
outputs.

This study’s findings reinforce the idea that generative Al should function as an empowered collaborator—one that
accelerates discovery while respecting the rigor and validation inherent in scientific inquiry.

VI. FUTURE WORK

Future avenues include:

o

Domain-Specific Fine-Tuning: Tailoring LLMs with domain-focused corpora to further reduce hallucination and
enhance relevance.

Automated Citation Verification: Developing tools to check and correct Al-generated references in real time.
User Interface Integration: Creating researcher-friendly platforms that seamlessly integrate RAG and human
review into workflows.

Longitudinal Studies: Evaluating the impact of generative Al over extended research cycles and across larger teams
or institutions.

Ethical Oversight Frameworks: Establishing guidelines for ensuring transparency, reproducibility, and
accountability in Al-augmented research.
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