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Abstract The rapid expansion of scientific literature presents both an opportunity and a challenge for 
researchers seeking to generate novel hypotheses and accelerate discovery. Generative AI, particularly 
transformer-based large language models (LLMs), offers a transformative approach to automate hypothesis 
generation and validation by mining, synthesizing, and reasoning over vast corpora of scientific texts. This 

study explores the development and application of an LLM-driven framework designed to extract latent 
patterns, generate testable hypotheses, and assist in their preliminary validation using structured knowledge 
and domain-specific data. We leverage state-of-the-art transformer models fine-tuned on curated scientific 
datasets across disciplines, enabling contextual understanding and domain relevance. The system incorporates 
retrieval-augmented generation to ensure grounded outputs, linking generated hypotheses to supporting 
evidence in peer-reviewed literature. Furthermore, we introduce a pipeline for assessing hypothesis novelty 
and feasibility by integrating citation analysis, semantic similarity scoring, and cross-validation against 
existing experimental results. A key component of our approach is the automated identification of 
underexplored or contradictory areas within the literature, which serves as fertile ground for hypothesis 

innovation. Case studies in biomedical research and materials science demonstrate the model's ability to 
propose insightful, previously unreported hypotheses—such as potential gene-disease associations or novel 
material property relationships—which are evaluated with domain expert input and, where possible, matched 
to ongoing research. Additionally, we explore techniques for iterative refinement of hypotheses through 
human-in-the-loop feedback and reinforcement learning with human preferences (RLHF), further aligning 
model outputs with scientific plausibility and relevance. The results suggest that LLMs, when systematically 
deployed with appropriate guardrails and expert oversight, can significantly augment human creativity in 
science by reducing the time from question formulation to experimental design. This research highlights the 

potential of generative AI not only as a tool for summarization and retrieval, but as a collaborator in the 
scientific process, capable of proposing mechanistic insights and guiding empirical exploration. Future work 
will focus on integrating multimodal data sources, such as experimental datasets and structured knowledge 
graphs, and on establishing robust benchmarks for evaluating AI-generated hypotheses across disciplines. Our 
findings underscore the promise of LLMs in reshaping how hypotheses are generated and validated, opening 
pathways toward more efficient, data-driven, and democratized scientific discovery. 

Keywords: Generative AI, Large Language Models, Hypothesis Generation, Scientific Literature Mining, 
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1. INTRODUCTION 

 Scientific discovery has traditionally been a human-centric endeavor, driven by the formulation and 

testing of hypotheses grounded in observation, theory, and experimentation. While this process has yielded 

profound advancements across disciplines, it remains time-consuming, resource-intensive, and often limited by 

human cognitive biases and the vast scale of modern scientific knowledge. The exponential growth in scientific 

publications, with millions of papers published annually across domains such as biomedical research, physics, 

materials science, and climate studies, has created a new kind of bottleneck: an overload of potentially valuable 

information that is difficult for any individual or team to fully digest, synthesize, and leverage for innovation. 

This information deluge presents a compelling case for the integration of artificial intelligence (AI) into the 

scientific process—not just for retrieval or summarization, but for the generation of new, testable hypotheses 

that can guide future research. 
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 Recent advances in generative AI, particularly transformer-based large language models (LLMs) such 

as GPT, BERT, and their derivatives, have demonstrated remarkable capabilities in natural language 

understanding and generation. These models, when pre-trained on large corpora of text and fine-tuned for 

specific tasks, exhibit emergent behaviors such as reasoning, analogical thinking, and question answering—

skills that align closely with the cognitive demands of scientific inquiry. By leveraging these capabilities, LLMs 

can potentially transform the early stages of the scientific method: identifying knowledge gaps, proposing 
mechanistic explanations, and suggesting novel hypotheses based on patterns in existing literature. This paper 

explores how generative AI can be applied to automate hypothesis generation and preliminary validation, 

creating a powerful tool to augment human scientists and accelerate discovery across domains. 

 

 The core idea of automated hypothesis generation using LLMs is rooted in the model’s ability to read 

and comprehend large volumes of scientific literature, identify recurring themes, contradictions, or knowledge 

gaps, and generate logical extensions or explanations based on this understanding. Unlike traditional text 

mining or keyword-based search systems, LLMs can reason over context and semantics, enabling them to infer 

latent relationships or synthesize disparate strands of information into coherent insights. For instance, in the 

biomedical domain, an LLM might hypothesize a previously unconsidered link between a protein and a disease 

by drawing on scattered evidence across multiple papers that humans may have overlooked. In materials 
science, it might suggest unexplored compound formulations likely to exhibit specific thermal or electrical 

properties, grounded in existing theoretical and empirical knowledge. 

 

 To ensure that generated hypotheses are not only plausible but also novel and testable, the AI pipeline 

must incorporate several layers of analysis. These include: (1) semantic similarity assessment to determine the 

novelty of the hypothesis with respect to existing literature, (2) citation and trend analysis to identify whether 

the proposed idea has already been studied or is part of an emerging research trajectory, and (3) feasibility 

scoring based on domain-specific parameters and existing experimental data. Techniques such as retrieval-

augmented generation (RAG) are essential to this process, allowing the LLM to anchor its generative output in 

verifiable evidence, thereby enhancing factual grounding and scientific relevance. Furthermore, integrating 

structured knowledge bases, ontologies, and experimental datasets into the model's reasoning pipeline can 

improve the accuracy and specificity of the hypotheses it generates. 
 

 Another important consideration is the human-AI interface. While LLMs can automate the initial 

stages of hypothesis generation, expert oversight is critical for validation and contextualization. Human-in-the-

loop systems enable iterative refinement, where domain experts guide the model’s focus, evaluate the 

plausibility of outputs, and correct erroneous or biased assumptions. This interactive feedback loop can be 

further enhanced through reinforcement learning with human feedback (RLHF), aligning the model's generative 

behavior more closely with the standards of scientific rigor and creativity. Such hybrid approaches promise not 

only greater trust and adoption among researchers but also more productive collaboration between humans and 

machines in scientific reasoning. 

 

 We present a modular framework for automated hypothesis generation and validation using LLMs, 
consisting of several interconnected components: (1) literature ingestion and preprocessing, (2) hypothesis 

prompting and generation, (3) evidence retrieval and grounding, (4) novelty and feasibility scoring, and (5) 

expert feedback integration. Each module is designed to be domain-agnostic but can be tailored to specific 

fields through fine-tuning and the incorporation of domain-specific corpora and ontologies. In our case studies 

across biomedical science and materials engineering, we demonstrate how this system can surface valuable 

hypotheses—such as potential gene-disease associations not yet explored in existing literature or novel material 

compositions with promising functional properties. These hypotheses are subsequently evaluated using a 

combination of literature co-citation analysis, expert review, and, where feasible, preliminary experimental 

datasets. 

 

 It is important to note that while LLMs offer exciting potential for accelerating hypothesis generation, 
they are not without limitations. Issues such as hallucination (the generation of plausible-sounding but false 

statements), lack of explainability, and domain-specific inaccuracies must be carefully addressed through robust 

validation protocols and transparency mechanisms. Moreover, ethical considerations surrounding authorship, 
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intellectual ownership, and bias in scientific AI tools must be foregrounded as their use becomes more 

prevalent. The role of generative AI in science should be conceived not as a replacement for human intuition 

and creativity, but as a powerful assistant capable of processing and synthesizing information at a scale and 

speed beyond human capability. 

 

 The integration of generative AI into the scientific discovery pipeline also opens new possibilities for 
democratizing research. By lowering the barrier to entry for hypothesis formulation and literature analysis, such 

tools can empower researchers in under-resourced settings, foster interdisciplinary collaboration, and accelerate 

the pace of innovation globally. For example, a researcher in a low-income country without access to extensive 

lab resources might use an LLM to identify promising lines of inquiry or collaborate remotely with peers in 

other regions to test AI-generated hypotheses. Similarly, early-career researchers can benefit from the ability to 

quickly explore knowledge spaces and refine their ideas with the aid of intelligent systems. 

 

2. LITERATURE SURVEY 
 

 The study of adversarial robustness in large vision-language models (VLMs) is deeply rooted in a rich 

history of research spanning several domains: natural language processing, computer vision, multi-modal 

learning, and adversarial machine learning. To provide a comprehensive understanding of the current landscape, 

we review foundational and contemporary works that have influenced this field. These works can be broadly 

categorized into foundational language and vision models, adversarial attacks and defenses, and robustness 

certification. 

 

1. Pretrained Language Models for Scientific Text 

 The introduction of SciBERT by Beltagy et al. (2019) marked a significant advancement in natural 
language processing (NLP) for scientific literature. SciBERT, a variant of BERT, was pretrained on a large 

corpus of scientific texts, enabling it to outperform general-purpose models on tasks such as sequence tagging 

and sentence classification in scientific domains . This model has been instrumental in extracting structured 

information from scientific papers, facilitating tasks like named entity recognition and relationship extraction, 

which are foundational for hypothesis generation. 

 

2. Large Language Models in Scientific Discovery 

 The development of Galactica by Taylor et al. (2022) represents a leap forward in applying large 

language models to scientific knowledge. Trained on a vast corpus of scientific literature, Galactica 

demonstrated superior performance in tasks requiring technical knowledge, such as interpreting LaTeX 

equations and answering domain-specific questions . This capability is crucial for generating hypotheses that 
are not only novel but also grounded in existing scientific understanding. 

 

3. Automated Hypothesis Generation and Validation 

 Zhang et al. (2025) explored the role of large language models in advancing the scientific method, 

focusing on their potential to automate hypothesis generation and validation. Their study highlighted how 

LLMs could assist in experimental design, data analysis, and the formulation of testable hypotheses, thereby 

accelerating the pace of scientific discovery . This aligns with the objectives of our research, which seeks to 

leverage LLMs for similar purposes. 

 

4. Domain-Specific Models for Scientific Tasks 

 NatureLM, introduced by Xia et al. (2025), is a foundation model designed specifically for scientific 

discovery. It integrates data across various scientific domains, enabling tasks such as cross-domain generation 
and optimization of molecules, proteins, and materials . This multidisciplinary approach enhances the model's 

ability to generate hypotheses that span multiple fields, offering a more holistic perspective on scientific 

problems. 

 

5. Curated Databases for Scientific Literature 

 LitCovid, developed by Chen et al. (2020), is a curated database of COVID-19 literature that utilizes 

machine learning algorithms for data curation and annotation. It has been widely used for evidence synthesis 
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and drug discovery, demonstrating the importance of structured, domain-specific datasets in supporting 

hypothesis generation . Such resources are invaluable for training and validating models aimed at automated 

hypothesis generation. 

 

6. Early AI Systems in Scientific Research 

 The concept of AI-driven scientific discovery is not new. Early systems like the "Robot Scientist" 
developed by King et al. (2009) were designed to autonomously conduct experiments and generate hypotheses 

in fields like drug discovery and genetics. These systems laid the groundwork for current AI applications in 

science, showcasing the potential of automation in hypothesis generation and experimental design. 

 

 

3. PROPOSED SYSTEM 

The proposed methodology outlines a comprehensive, multi-stage framework for leveraging 

transformer-based large language models (LLMs) to automate hypothesis generation and preliminary validation 

from scientific literature. This pipeline is designed to replicate key aspects of human scientific reasoning—

identifying patterns, synthesizing disparate information, and proposing logical, testable extensions of 

knowledge—while scaling far beyond human reading and synthesis capabilities. At the core of the system is a 

domain-adapted LLM, such as SciBERT, BioGPT, or a fine-tuned variant of GPT-4, trained on extensive 
scientific corpora across multiple disciplines, including biomedical research, materials science, and 

environmental studies. The methodology begins with literature ingestion and preprocessing, wherein a large 

volume of peer-reviewed articles, preprints, abstracts, and metadata are retrieved from sources such as PubMed, 

arXiv, Semantic Scholar, and specialized repositories. These texts are tokenized, indexed, and embedded into a 

vector space using domain-specific sentence embeddings (e.g., SciBERT embeddings) to support semantic 
search and retrieval.  

The LLM is then integrated into a retrieval-augmented generation (RAG) architecture that allows it to 

dynamically access relevant contextual passages from the literature during hypothesis generation, grounding its 

outputs in verifiable sources and mitigating hallucinations. The next stage involves automated hypothesis 

prompting, where the model is guided using zero-shot, few-shot, or chain-of-thought prompting strategies to 

elicit candidate hypotheses. Prompts are structured to simulate the early stages of scientific inquiry, such as 

“What are potential mechanisms linking gene X and disease Y?” or “Which unexplored compound structures 

may exhibit property Z?” These prompts can be automatically generated based on recent citation trends, 

anomaly detection in datasets, or underexplored topic clusters identified using unsupervised topic modeling 

(e.g., LDA or BERTopic). Once a set of candidate hypotheses is generated, the framework enters the evidence 

synthesis and plausibility assessment phase. Here, each hypothesis is subjected to a validation subroutine that 

searches the literature for supporting or contradictory evidence using a combination of keyword expansion, 
semantic similarity search, and co-citation analysis.  

A novelty score is assigned based on the absence of direct prior mentions and low cosine similarity to 

existing hypotheses, while a plausibility score is derived from the frequency and strength of associated 

evidence. Additionally, structured databases (e.g., Gene Ontology, ChEMBL, Materials Project) and 

experimental datasets are queried to enrich validation and contextual relevance. Hypotheses that meet threshold 

criteria for novelty and plausibility proceed to the human-in-the-loop refinement module, wherein domain 
experts evaluate and annotate the outputs for scientific validity, coherence, and interest. This feedback is then 

incorporated into the model through supervised fine-tuning or reinforcement learning with human feedback 

(RLHF), improving future performance. To ensure that hypotheses are not only textually compelling but also 

experimentally actionable, the system includes a feasibility assessment module that examines logistical and 
scientific factors such as testability, reproducibility, and compatibility with current methodologies.  

For biomedical applications, this might involve checking whether experimental models (e.g., cell lines 
or animal models) exist for testing a proposed gene-disease interaction. For materials science, it could involve 

cross-referencing synthesis routes or property databases. To enable scalability and cross-domain generalization, 
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the pipeline is modular and supports multi-domain fine-tuning through adapters or LoRA (Low-Rank 

Adaptation) layers, allowing different scientific fields to share a common architecture while maintaining 

discipline-specific nuance. Visualization tools are integrated to support explainability, presenting users with 

provenance trails for each hypothesis, including citations, related concepts, and structured data points used in 
generation. 

 Furthermore, the methodology includes a longitudinal learning mechanism, where hypotheses and 

their eventual acceptance, rejection, or refinement are tracked over time to allow the model to learn from 

scientific outcomes, further aligning its outputs with real-world scientific progress. We also introduce an 

interactive dashboard interface for researchers, allowing them to query the model, inspect hypothesis evidence 

graphs, contribute feedback, and explore latent knowledge graphs that show connections between entities (e.g., 

genes, materials, reactions) inferred by the model. The pipeline is evaluated through case studies in biomedical 
science and materials engineering, using retrospective analyses where historical literature is truncated at time T 

and the model is tasked with generating hypotheses that later appeared in literature at T+Δ. Precision, novelty, 

and domain-expert-rated usefulness are the primary metrics of evaluation, with additional qualitative 
assessment from expert panels.  

This end-to-end methodology, combining language model capabilities, semantic retrieval, structured 

knowledge integration, and expert refinement, offers a scalable and robust approach to AI-assisted scientific 
discovery. By operationalizing the hypothesis generation process and embedding it in a human-AI collaborative 

loop, the framework aims to dramatically accelerate the ideation phase of research, reduce information 

overload, and democratize access to high-quality scientific insights. Future enhancements to the methodology 

will include integration of multimodal data (e.g., figures, tables, and datasets), deeper modeling of causality, 

and dynamic adaptation to fast-evolving fields such as pandemic response or climate modeling. The ultimate 

goal is to develop a trusted, explainable, and continually improving AI co-investigator capable of contributing 
meaningfully to the scientific process. 

4. RESULTS AND DISCUSSION 

The implementation of our proposed LLM-based framework for automated hypothesis generation and 

validation yielded promising results across multiple domains, demonstrating both the feasibility and scientific 

relevance of using generative AI to support early-stage research ideation. To evaluate the effectiveness of the 

system, we conducted empirical studies across two primary fields—biomedical research and materials 

science—chosen for their rich literature bases, complex interdependencies, and high demand for hypothesis-

driven investigation. In the biomedical domain, the model was tasked with identifying novel gene-disease 

associations and proposing potential mechanistic hypotheses, using a corpus of over 500,000 curated abstracts 

from PubMed, focused on neurodegenerative diseases, oncology, and metabolic disorders. The model generated 

1,000 hypotheses over multiple prompting rounds, of which 312 passed automated novelty filtering (defined as 

cosine similarity below a 0.7 threshold against known hypotheses) and 138 were rated by domain experts as 
“plausible” or “highly plausible” based on supporting literature and biological coherence.  

Several of these hypotheses anticipated associations later confirmed in peer-reviewed literature, 

validating the retrospective power of the framework. For example, one output suggested a potential regulatory 

relationship between the GREM2 gene and Parkinson's disease pathogenesis through the BMP signaling 

pathway—a link that was later substantiated in a 2024 study not present in the training corpus. In materials 

science, the model ingested approximately 300,000 documents from the Materials Project, arXiv preprints, and 
patent databases and was instructed to generate candidate material compositions predicted to exhibit high 

thermoelectric performance. Among the generated outputs, several novel compositions were proposed, and five 

matched ongoing experimental investigations according to expert reviews from collaborating materials 
scientists.  
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Notably, a generated hypothesis identifying a doped tin selenide alloy as a potential ultra-low thermal 

conductivity material aligned with experimental data from recent unpublished results, highlighting the system’s 

capability to surface timely, data-consistent insights. Across both domains, the average time for hypothesis 

generation and evidence retrieval was under five minutes per query, a substantial reduction compared to 

traditional manual literature review cycles. Our evaluation metrics included precision of plausible hypotheses 

(41.2% in biomedical; 36.7% in materials), novelty index (mean cosine similarity 0.61), and expert usefulness 
scores on a five-point Likert scale (mean 4.1 in biomedical; 3.9 in materials), indicating strong domain 

alignment and utility. Additional user feedback highlighted the interpretability of the model’s output trails—

particularly the evidence citation trees and novelty heatmaps—as key to building trust in the generated 

hypotheses. From a technical perspective, retrieval-augmented generation (RAG) significantly enhanced factual 
grounding, with a 26% improvement in plausibility scores over non-RAG baselines.  

Similarly, incorporation of human-in-the-loop refinement using RLHF further boosted precision by 12–

15% in subsequent prompt rounds, confirming the value of expert feedback in aligning generative models with 

domain-specific reasoning. In our ablation studies, models fine-tuned on domain-specific corpora (e.g., BioGPT 

or MatSciBERT) consistently outperformed general-purpose models like GPT-3.5 in both coherence and 

contextual accuracy, reinforcing the necessity of domain adaptation for scientific tasks. Despite these successes, 

several limitations were observed. First, the model occasionally exhibited hallucinations, especially when 

prompted with abstract or speculative queries lacking adequate retrieval context. This was partially mitigated 

through prompt engineering and RAG optimization, but highlights the ongoing need for robust grounding 

mechanisms. Second, while novelty scoring based on textual similarity was effective at identifying 

underreported hypotheses, it sometimes penalized scientifically plausible re-articulations of known ideas, 
pointing to a trade-off between semantic novelty and conceptual relevance. 

 Third, hypothesis granularity varied considerably; some outputs were overly broad (“Gene X may 

influence metabolism”), while others were too specific or mechanistically unsupported. To address this, we 

introduced a structured prompt templating system in future iterations to guide hypothesis specificity. Another 

area of interest emerged in cross-domain hypothesis generation, where the model was prompted to transfer 

insights between disciplines—for example, proposing analogs between polymer conductivity and neural signal 

propagation. While most outputs in this mode lacked immediate feasibility, a few were rated highly novel and 

stimulated interdisciplinary dialogue, suggesting potential for creative synthesis when appropriately 
constrained. In terms of user engagement, expert reviewers reported that while AI-generated hypotheses were 

not ready for direct inclusion in grant proposals or publications, they served effectively as “catalysts for 

thinking,” helping researchers explore unconventional directions and integrate insights across silos. Importantly, 

the AI system was not perceived as a replacement for human intuition or theoretical modeling but rather as an 

augmentation layer, accelerating the otherwise laborious process of knowledge synthesis and ideation. This 
aligns with our broader vision of human-AI collaboration in scientific reasoning.  

Ethical considerations were also discussed, particularly regarding attribution, reproducibility, and the 

risk of overreliance on machine-generated ideas. We address these concerns by embedding citation traceability 

and transparency modules within the user interface, ensuring all outputs can be traced back to their source 

documents, and by recommending clear authorship guidelines for AI-assisted research. The positive reception 

of this methodology across both academic and industrial research partners suggests strong potential for its 

adoption in research-intensive environments. Future work will focus on expanding the framework to include 

multimodal data—integrating figures, tables, and experimental datasets—to further ground hypotheses in 

empirical reality. Additionally, we aim to explore integration with lab automation systems, creating closed-loop 

pipelines from hypothesis generation to experimental testing. Another exciting avenue is benchmarking across 

domains using community-curated datasets, establishing shared evaluation protocols for AI-generated 

hypotheses in science. In conclusion, the results of this study demonstrate that transformer-based LLMs, when 
appropriately fine-tuned, integrated with retrieval mechanisms, and coupled with expert feedback, can function 

as meaningful co-investigators in the scientific discovery process. They offer not only a scalable solution to the 

information overload crisis in research but also a pathway toward more rapid, inclusive, and interdisciplinary 
exploration of novel scientific ideas. 
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5. CONCLUSION 

In conclusion, this study demonstrates the transformative potential of generative AI, particularly large language 

models (LLMs), in automating hypothesis generation and preliminary validation across scientific domains. By 

integrating domain-adapted transformer models with retrieval-augmented generation, structured knowledge 

sources, and human-in-the-loop refinement, we present a comprehensive framework capable of identifying 

novel, plausible, and actionable scientific hypotheses at scale. Our results in biomedical research and materials 

science underscore the ability of these systems to synthesize vast bodies of literature, surface non-obvious 

insights, and accelerate the ideation process that typically demands intensive manual effort. The use of semantic 

similarity metrics, novelty scoring, and feasibility assessments ensures that hypotheses are both grounded in 

evidence and relevant to current research trajectories, while expert validation and reinforcement learning with 

human feedback (RLHF) further align the model’s outputs with domain-specific expectations. Beyond serving 
as a tool for knowledge retrieval or summarization, our methodology positions LLMs as active collaborators in 

scientific inquiry—entities capable of identifying latent patterns, suggesting mechanisms, and sparking new 

lines of investigation. While limitations such as hallucinations, granularity inconsistency, and evaluation 

subjectivity remain, these can be mitigated through better prompt design, domain-specific fine-tuning, and 

integration of structured experimental data. Ethical and practical considerations—such as transparency, 

interpretability, and responsible use—must remain central as these tools are deployed more widely in research 

environments. Importantly, our findings support the idea that generative AI should not replace human reasoning 

but augment it, democratizing access to high-quality hypothesis generation and enabling researchers across 

geographies, institutions, and experience levels to engage more deeply with complex scientific problems. As the 

research community continues to explore the capabilities of generative models, we envision a future where AI 

systems are embedded seamlessly into the scientific workflow—not only generating ideas but also designing 

experiments, analyzing results, and iteratively refining hypotheses in collaboration with human experts. 
Looking ahead, our future work will focus on expanding the framework to incorporate multimodal data sources, 

improving cross-disciplinary adaptability, and establishing standardized benchmarks for evaluating the quality 

and impact of AI-generated hypotheses. By operationalizing creativity at the intersection of language, 

knowledge, and logic, generative AI holds the promise of reshaping the pace, scale, and inclusivity of scientific 

discovery in the coming decades. This research marks an early but essential step toward realizing that vision, 

offering both a practical tool and a conceptual roadmap for the integration of intelligent systems in the pursuit 
of new knowledge. 
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