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ABSTRACT

Hypothesis generation is a cornerstone of scientific discovery, enabling re-
searchers to formulate testable ideas that drive innovation and progress. Although
traditional methods have proven effective, they are often constrained by cogni-
tive biases, information overload, and time limitations. Recently, the emergence
of Large Language Models (LLMs) has introduced a promising approach to au-
tomate and enhance hypothesis generation. Trained on extensive datasets, these
models have demonstrated the potential to generate novel, testable hypotheses
across various domains. This review critically examines state-of-the-art method-
ologies for LLM-based hypothesis generation, including Retrieval Augmented
Generation (RAG), multi-agent frameworks, and iterative refinement techniques.
Applications in biomedical research, materials science, product innovation, and
interdisciplinary studies are discussed, highlighting both the versatility and the
impact of these systems. Despite their promise, LLMs also present challenges
such as hallucinations, data biases, and ethical concerns, which necessitate careful
implementation and oversight. Future research directions include refining model
architectures, integrating multimodal capabilities, and establishing robust ethical
frameworks to optimize the use of LLMs in scientific research. Overall, this re-
view provides a balanced overview of how LLMs may enhance hypothesis gen-
eration while also addressing the associated challenges. The GitHub repository
containing open-source LLM-empowered hypothesis generation systems is avail-
able at https://github.com/adibgpt/AgenticHypothesis.

1 INTRODUCTION

Hypothesis generation is fundamental to scientific discovery and technological innovation, provid-
ing a systematic framework for proposing and testing novel ideas that drive advancement across
diverse fields. These include biomedicine, psychology, materials science, NLP, astronomy, machine
learning, automated program repair (APR), ecology, linguistics, molecular biology, and social sci-
ences. Historically, hypothesis generation relied on human intuition, manual literature reviews, and
heuristic-based systems. However, these approaches increasingly fall short in addressing modern
challenges such as information overload, cognitive biases, and the growing complexity of interdis-
ciplinary research. Key barriers to traditional methods include the inefficiency of manual processes,
reliance on predefined rules, and limited scalability. For example, in biomedicine, the overwhelm-
ing volume of literature obscures critical therapeutic insights, while in astronomy and neuroscience,
traditional methods fail to unify insights from disparate datasets, leaving knowledge gaps unad-
dressed. Similarly, APR struggles with dynamic software bugs, and social sciences face challenges
in integrating structured and unstructured data. These limitations underscore the need for scal-
able, automated tools that enhance hypothesis generation by systematically exploring the expansive
search space of potential solutions. The advent of Large Language Models (LLMs) has introduced
a paradigm shift in hypothesis generation, addressing these limitations by leveraging extensive pre-
training on diverse datasets. LLMs dynamically synthesize information, identify latent patterns,
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and propose innovative, testable ideas across disciplines, democratizing access to hypothesis-driven
exploration and accelerating discovery.

Figure 1: Featured LLM-driven hypothesis generation frameworks.

LLMs have emerged as transformative tools for hypothesis generation, integrating advanced reason-
ing techniques, modular workflows, and structured methodologies to overcome traditional limita-
tions. Models like GPT-4 (Park et al., 2023), BioGPT (Luo et al., 2022), SciBERTT (Beltagy et al.,
2019), and PMC-LLaMA (Wu et al., 2023), and frameworks like SciHypo (Tadiparthi et al., 2024),
MOOSE (Yang et al., 2024a), HYVIN (Peng et al., 2024), FitRepair (Xia et al., 2023), ResearchA-
gent (Baek et al., 2024), and The AI Scientist (Lu et al., 2024), exemplify how LLMs enhance the
novelty, diversity, and efficiency of hypothesis generation as further disclosed in Figure 1.

SciHypo (Tadiparthi et al., 2024) and MOOSE (Yang et al., 2024a) enable cross-disciplinary synthe-
sis and hypothesis generation across fields such as molecular biology, psychology, and astronomy.
Meanwhile, HYVIN (Peng et al., 2024) autonomously hypothesizes and verifies sub goals in re-
inforcement learning environments, effectively bridging semantic reasoning with real world task
execution. In automated program repair, FitRepair (Xia et al., 2023) applies the ”plastic surgery
hypothesis” to dynamically address software bugs, and ResearchAgent (Baek et al., 2024) lever-
ages retrieval augmented generation (RAG) along with iterative feedback to produce scientifically
rigorous hypotheses. Additionally, the AI Scientist (Lu et al., 2024) integrates multi agent col-
laboration to automate the research workflow and enhance reproducibility. In biomedical research,
LLMs generate hypotheses for drug discovery, therapeutic mechanisms, gene expression patterns,
and even surface passivation strategies for perovskite solar cells. In materials science, tools like
MOOSE-Chem and Nova enhance chemical hypothesis generation by exploring complex interac-
tions in material properties. Within machine learning and ecology, LLMs uncover novel diffusion
models and adaptive ecological mechanisms by leveraging interdisciplinary insights. In the realm of
automated program repair (APR), systems such as FitRepair (Xia et al., 2023) dynamically identify
and resolve software bugs. For linguistics and psychology, LLMs simulate human-like general-
ization behaviors to deepen our understanding of language acquisition and improve causal graph
integration. Finally, in the social sciences, LLMs connect hypotheses with supporting evidence
from the literature, thereby facilitating robust hypothesis evidencing and synthesis. LLMs employ
citation graph integration to ground hypotheses in existing literature, thereby enhancing scientific
rigor while pushing the boundaries of innovation. Additionally, techniques such as chain of thought
reasoning and retrieval-augmented generation facilitate iterative reasoning and refinement, ensuring
that the hypotheses generated are both rigorous and diverse. Despite their transformative potential,
LLMs face challenges such as hallucinations, reliance on pre existing data, computational inefficien-
cies, and occasional implausible outputs. Addressing these issues requires human oversight, multi
agent collaboration, and iterative feedback mechanisms to ensure reliability and scalability.

This unified review synthesizes advancements in LLM driven hypothesis generation, spanning
methodologies, applications, challenges, and complementary strategies across diverse scientific do-
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mains. It explores frameworks such as SciHypo (Tadiparthi et al., 2024), MOOSE (Yang et al.,
2024a), HYVIN (Peng et al., 2024), FitRepair (Xia et al., 2023), ResearchAgent (Baek et al., 2024),
and The AI Scientist (Lu et al., 2024), which utilize techniques like causal graph analysis, iterative
planning, and retrieval augmented generation to address various research needs. The review high-
lights the transformative potential of LLMs in domains including biomedical research, automated
program repair (APR), materials science, machine learning, psychology, and the social sciences. It
also confronts critical challenges such as data bias, computational inefficiencies, hallucinations, er-
ror mitigation, and ethical considerations, while advocating for complementary strategies like multi
agent collaboration, transparency focused designs, and hybrid neuro symbolic approaches to im-
prove reproducibility, reliability, and overall innovation.

2 METHODOLOGIES FOR HYPOTHESIS GENERATION USING LLMS

Synthesizing insights from a comprehensive review of methodologies reported in the literature, this
review highlights the transformative potential and versatility of Large Language Models (LLMs) in
hypothesis generation. The reviewed studies span a wide range of domains including biomedical
research, social sciences, molecular biology, computational biology, linguistics, chemistry, big data,
consumer product ideation, and web based data exploration and collectively underscore how LLMs
are reshaping scientific inquiry. A common theme across these studies is the emphasis on modular
workflows, iterative refinement, and domain specific adaptations, which are further enhanced by
multi modal integration and advanced reasoning tools. Together, these approaches, as schematically
provided in Figure 2, facilitate the generation of hypotheses that are scientifically robust, innova-
tive, actionable, and contextually relevant, thereby marking a significant advancement in hypothesis
driven research.

Figure 2: Utilized methodologies for LLM-driven hypothesis generation approaches.

2.1 CORE APPROACHES

A central theme across these methodologies is the use of iterative refinement frameworks in which
hypotheses are generated, validated, and dynamically improved through structured workflows.
For instance, dynamic feedback mechanisms exemplified by frameworks like Nova employ self-
correction, retrieved knowledge, and multi-agent feedback loops to iteratively refine hypotheses
(Tong et al., 2024; Peng et al., 2024; Hu et al., 2024; Qi et al., 2024). Moreover, collaborative rea-
soning systems simulate brainstorming by assigning specialized roles such as ideation, evaluation,
and critique, effectively mirroring real-world scientific processes (Peng et al., 2024; Park et al.,
2024) (Park et al., 2023). Additionally, techniques like adversarial prompting and chain of thought
prompting facilitate inductive reasoning, enabling dynamic hypothesis validation and continuous
iterative refinement (Ciucă et al., 2023; Jamil et al., 2023; Lu et al., 2024).
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RAG based frameworks leverage large datasets and pre trained knowledge to enhance the contextual
relevance and quality of hypotheses. They employ goal oriented retrieval and temporal contrastive
learning to dynamically identify knowledge gaps and model evolving relationships within temporal
knowledge graphs, thereby uncovering novel associations (Zhou et al., 2024a; Hu et al., 2024).
In addition, planning-guided retrieval offers a structured approach to retrieving and ranking rele-
vant literature, effectively grounding and validating the generated hypotheses (Jamil et al., 2023;
Skarlinski et al., 2024).

Multi modal frameworks synthesize diverse data types, including textual, visual, and structured
data, to create contextually rich hypotheses. They draw on multi inspiration knowledge sources
by combining molecular interactions, experimental results, patents, and more to identify impactful
relationships (Yang et al., 2024b; Hu et al., 2024). Additionally, semantic multi modal integration
merges data across various domains to support interdisciplinary hypothesis generation (Zhang et al.,
2018; Misra & Kim, 2024).

2.2 DOMAIN-SPECIFIC ADAPTATIONS

LLM driven frameworks leverage domain specific models like BioBERT, knowledge graphs, and
curated datasets such as PubMed to generate clinically relevant hypotheses. Temporal partitioning
and graph-based reasoning ensure the novelty and accuracy of hypotheses addressing challenges
like drug discovery and therapeutic pathways (Qi et al., 2023; Tadiparthi et al., 2024; Mitta, 2023;
Sybrandt et al., 2020; Zhou et al., 2024a; Qi et al., 2024). Multi inspiration frameworks synthesize
knowledge from diverse chemical and material properties, employing evolutionary algorithms to
uncover novel phenomena (Yang et al., 2024b; Hu et al., 2024). Frameworks replicate workflows
from high impact publications, combining RNA sequencing analyses with computational modeling
to explore genetic correlations with diseases. Knowledge ecosystems enable mapping of natural lan-
guage queries into structured graphs for hypothesis testing (Xia et al., 2024; Misra & Kim, 2024;
Bersenev et al., 2024). Customized datasets and annotation frameworks incorporate linguistic and
behavioral cues to address tasks like deception detection, stress analysis, and language acquisition.
Feature-specific experiments simulate human like learning processes to generate hypotheses about
syntactic generalization patterns (Wang et al., 2024; Ishikawa, 2024; Koneru et al., 2024; Misra &
Kim, 2024). Domain specific constraints such as demographics and pricing guide hypothesis gen-
eration in consumer product ideation, ensuring relevance and feasibility. Lightweight web crawling
systems efficiently collect and process niche domain data for hypothesis exploration in areas like
regulatory compliance (wag, 2024; Lin et al., 2024; Li et al., 2024b).

2.3 INNOVATIVE TOOLS

Dynamic retrieval strategies employ hierarchical indexing and citation traversal to identify and rank
literature for effective hypothesis grounding (Skarlinski et al., 2024; Yang et al., 2024b). Addi-
tionally, iterative knowledge embedding leverages temporal and graph-based embeddings to model
evolving knowledge relationships, further enriching the hypothesis generation process (Yang et al.,
2024b; Zhou et al., 2024a). Error mitigation systems employ feedback-driven loops that iteratively
refine hypotheses to ensure robustness and alignment with scientific standards (Bersenev et al.,
2024; Lu et al., 2024). In addition, peer review emulation is integrated into these systems, where
automated evaluations assess hypotheses based on criteria such as novelty, soundness, and relevance
(Lu et al., 2024). To foster interdisciplinary innovation, Facet Recombination Models propose com-
bining complementary facets of a concept, such as its purpose, underlying mechanism, and eval-
uation methods (Radensky et al., 2025). This approach is enhanced by incorporating Statistical
and Bayesian Reasoning, utilizing probabilistic programming to validate generated hypotheses and
ensuring a balance between creative exploration and practical feasibility (Qi et al., 2024).

2.4 ADVANCEMENTS IN ALGORITHMS

To further enhance the hypothesis generation and refinement process, Swarm Based and Dialog
Driven Models simulate peer-review by incorporating a multitude of perspectives (Park et al., 2024;
Li et al., 2024a). Complementing this, Ensemble Methods bolster hypothesis robustness through
the integration of diverse computational insights and domain specific knowledge (Park et al., 2023;
Lu et al., 2024). Hypotheses can be iteratively improved using Dynamic Validation Systems, which
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employ LLM powered reviewers and feedback mechanisms for continuous refinement (Bersenev
et al., 2024; Baek et al., 2024). Furthermore, Chain of Ideas Models contextualize these hypotheses
within evolving research trends, enabling advancements across dynamic fields of study (Li et al.,
2024a).

3 APPLICATIONS ACROSS SCIENTIFIC DOMAINS

The widespread adoption of large language models (LLMs) and AI driven hypothesis generation
frameworks has profoundly influenced scientific research across multiple domains. These advance-
ments have not only accelerated hypothesis generation but also introduced novel methodologies
for refining, validating, and implementing scientific insights. In biomedical research, LLMs and
multi agent systems have enhanced drug discovery, disease modeling, and genomic analysis, offer-
ing data driven solutions for therapeutic innovation. Similarly, materials science has benefited from
AI powered frameworks that facilitate the exploration of novel materials, synthesis techniques, and
performance optimization strategies. The structured nature of AI enhanced ideation has also proven
valuable in product development, streamlining innovation cycles in industries such as pharmaceuti-
cals, biotechnology, and advanced manufacturing. Furthermore, these methodologies have fostered
cross-disciplinary collaborations, enabling knowledge integration across biomedical, computational,
environmental, and social sciences. By bridging gaps between traditionally distinct fields, AI driven
frameworks are redefining research paradigms, promoting efficiency, and driving innovation across
diverse scientific landscapes.

3.1 BIOMEDICAL RESEARCH

The integration of large language models (LLMs) and advanced computational frameworks has fun-
damentally transformed biomedical research, enabling the automated generation, refinement, and
validation of hypotheses across diverse applications (Chai et al., 2024; Yang et al., 2024a). These
advancements leverage iterative workflows, domain specific fine tuning, and retrieval augmented
reasoning to address pressing challenges such as drug discovery, molecular interactions, and ge-
nomic analysis (Abdel-Rehim et al., 2024; Qi et al., 2024). Multi agent systems and graph based
methodologies have been particularly impactful in accelerating the identification of novel drug
disease relationships and therapeutic strategies, allowing for the synthesis of previously unlinked
biomedical insights (Pelletier et al., 2024; Sybrandt et al., 2020). Further, modular and human in
the loop frameworks have demonstrated the ability to facilitate adaptive hypothesis testing, enhanc-
ing the efficiency and reliability of generated hypotheses (Jamil et al., 2023; Peng et al., 2024).
Such methodologies prioritize explainability, enabling researchers to systematically refine compu-
tationally derived insights through interactive and iterative validation mechanisms (Xia et al., 2023;
2024). Additionally, the incorporation of temporal modeling and AI driven literature synthesis has
proven instrumental in capturing time evolving biomedical relationships, allowing for the prediction
of emerging disease pathways and the identification of novel molecular mechanisms (Zhou et al.,
2024a; Park et al., 2023). These advancements, particularly when coupled with automation tools that
streamline the entire research pipeline from hypothesis generation to manuscript preparation signifi-
cantly accelerate progress in precision medicine, diagnostics, and therapeutic innovation (Radensky
et al., 2025; Lu et al., 2024).

3.2 MATERIALS SCIENCE AND ENGINEERING

Hypothesis driven research in materials science has similarly benefited from AI powered frame-
works, facilitating the systematic exploration of material properties, synthesis techniques, and per-
formance optimization strategies (Qi et al., 2023; Wang et al., 2024). The ability of LLMs to
generate hypotheses regarding advanced alloys, solid electrolytes, and nanomaterials has enabled
rapid advancements in energy efficient and high-performance materials (Zhou et al., 2024b; Za-
itsev et al., 2023; Liu et al., 2024). By integrating computational simulations with experimental
data, researchers have been able to systematically model and optimize material behaviors under var-
ious conditions, thereby bridging the gap between theoretical predictions and practical applications
(Yang et al., 2024b; Farinhas et al., 2023). Structured approaches that iteratively refine hypotheses
based on multi source data synthesis have emerged as a powerful strategy for materials innovation
(Spangler et al., 2014; Sybrandt et al., 2020). Techniques incorporating graph based reasoning and
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semantic embeddings have been particularly useful in identifying previously unrecognized material
property relationships, leading to breakthroughs in the design of sustainable and energy efficient
materials (Koneru et al., 2024; Yang et al., 2024b). High throughput automated discovery pipelines
further accelerate material innovation, reducing the reliance on purely experimental trial and error
methodologies (Radensky et al., 2025; Park et al., 2023). These advancements highlight the trans-
formative role of AI driven hypothesis generation in materials science, facilitating the development
of next generation composites, nanotechnology applications, and renewable energy materials (Lu
et al., 2024).

3.3 INNOVATION AND PRODUCT DEVELOPMENT

The structured and automated methodologies that enhance biomedical and materials science research
have also significantly influenced innovation and product development processes (Qi et al., 2024;
Ciucă et al., 2023). AI driven hypothesis generation frameworks enable the rapid ideation, valida-
tion, and refinement of novel concepts, reducing time-to-market for innovative solutions (Takagi
et al., 2023; il Lee et al., 2024). Structured brainstorming methodologies and adversarial prompt-
ing strategies have demonstrated the ability to generate high quality, diverse hypotheses that align
with market needs (Demartini et al., 2024; Pelletier et al., 2024). By leveraging automated refine-
ment techniques, industries such as biotechnology, pharmaceuticals, and advanced manufacturing
can systematically evaluate and prioritize high-potential innovations (Radensky et al., 2025; Zhang
et al., 2018). The integration of probabilistic reasoning and full cycle automation facilitates robust
hypothesis testing, enabling more efficient decision making processes (Hu et al., 2024; Si et al.,
2024). Additionally, scalable AI driven frameworks allow for the exploration of unconventional yet
scientifically grounded product ideas, fostering innovation across various sectors (Tang et al., 2023;
Chen et al., 2024). These methodologies not only streamline ideation but also ensure that product
concepts are scientifically validated and aligned with evolving industry demands (Lu et al., 2024).

3.4 CROSS-DISCIPLINARY CONTRIBUTIONS

The increasing adaptability of AI driven hypothesis generation frameworks has fostered interdisci-
plinary research, facilitating collaboration across a wide array of scientific fields (Ishikawa, 2024;
O’Brien et al., 2024). By integrating knowledge across biomedical, computational, and environmen-
tal sciences, AI powered methodologies have enabled the synthesis of novel insights that address
complex global challenges (Li et al., 2024c; Qi et al., 2024). The ability to model time evolving re-
lationships across disciplines has proven especially valuable in areas such as climate science, public
health, and computational biology, where dynamic interactions between multiple variables neces-
sitate robust, data-driven analyses (Mitta, 2023; Farinhas et al., 2023). The modular, explainable,
and scalable nature of AI driven frameworks has also played a critical role in supporting interdis-
ciplinary hypothesis generation (Proebsting & Poliak, 2024; Lu et al., 2024). The incorporation
of structured validation pipelines ensures that cross domain insights remain relevant and actionable,
allowing for the development of innovative solutions that transcend traditional disciplinary bound-
aries (Skarlinski et al., 2024). As a result, these advancements have driven progress in areas such
as computational sciences, environmental modeling, and public policy, where collaborative, multi
domain research is essential for addressing emerging scientific and societal challenges (Lu et al.,
2024).

4 EVALUATION METRICS AND CHALLENGES

Evaluating AI generated hypotheses requires a rigorous framework to ensure innovation, reliability,
and applicability. According to Figure 3, this section explores key evaluation criteria, implemen-
tation challenges, and ethical concerns in hypothesis generation. The first subsection, Metrics for
Assessing Hypotheses, highlights essential factors like novelty, accuracy, feasibility, efficiency, and
diversity, alongside specialized dimensions such as scalability, impact, reproducibility, and scientific
rigor. These metrics ensure hypotheses are innovative, evidence based, and practical for real world
application. However, Challenges in Implementation persist, including computational demands, data
dependencies, hallucinations, and alignment issues, which impact the reliability and scalability of
AI driven research. Lastly, Ethical and Practical Concerns emphasize the need for transparency, bias
mitigation, scientific integrity, and equitable access to ensure responsible AI deployment. Address-
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ing these challenges will enhance the trustworthiness, inclusivity, and effectiveness of AI generated
hypotheses in advancing scientific discovery.

Figure 3: The schematic of framework workflow used for evaluating hypotheses.

4.1 METRICS FOR ASSESSING HYPOTHESES

Novelty is consistently emphasized as the cornerstone of hypothesis evaluation, driving innovation
through uncharted ideas in areas such as novel drug combinations in biomedical research (Abdel-
Rehim et al., 2024; Mitta, 2023), mechanisms in chemistry (Yang et al., 2024b), or interdisciplinary
links (O’Brien et al., 2024). Methodologies like iterative refinement, facet recombination, feed-
back loops, and semantic filtering ensure systematic exploration of unique hypothesis spaces (Tong
et al., 2024; Hu et al., 2024; Lu et al., 2024). Accuracy/validity ensures alignment with empirical
data, logical reasoning, and benchmarks, validated through precision metrics like ROC AUC (Span-
gler et al., 2014) and experimental testing in fields like drug synergy (Abdel-Rehim et al., 2024)
or astrophysics (Zaitsev et al., 2023)). Feasibility evaluates the practicality of hypotheses, ensuring
they are actionable within technological and resource constraints, as seen in diagnostic frameworks
(Batista & Ross, 2024) or material science (Chen et al., 2024). Efficiency measures resource opti-
mization and workflow streamlining, with examples such as BioNursery’s scalability (Jamil et al.,
2023) or lightweight configurations for linked data processing (wag, 2024). Diversity ensures a
wide-ranging exploration of hypothesis spaces, avoiding redundancy and fostering creativity, par-
ticularly in frameworks promoting exploration across domains (Xiong et al., 2024; Zhou et al.,
2024a)

Relevance aligns hypotheses with user defined goals or domain-specific challenges, employing tai-
lored prompts and contextual refinement (Demartini et al., 2024; Skarlinski et al., 2024). Scala-
bility measures frameworks’ ability to handle large datasets or integrate multi modal data, such as
distributed embeddings in biomedical research (Sybrandt et al., 2020). Impact assesses the broader
significance of hypotheses in advancing scientific understanding, such as replicating high impact
studies or identifying novel correlations in biomedical contexts (Bersenev et al., 2024; Qi et al.,
2024). Reproducibility ensures consistent outputs through standardized workflows and rigorous ex-
perimental validations (Cudré-Mauroux et al., 2012; Ifargan et al., 2024). Traceability strengthens
transparency by linking hypotheses to their data sources and computational processes (Ifargan et al.,
2024; Park et al., 2023). Quality integrates multiple evaluation metrics to uphold high standards in
hypothesis generation and testing (Li et al., 2024a; Lu et al., 2024). Temporal relevance is crucial
in dynamic fields, ensuring hypotheses reflect evolving trends and knowledge (Zhou et al., 2024a).
Scientific rigor evaluates the methodological robustness and precision of hypotheses, ensuring align-
ment with established principles and standards (Bersenev et al., 2024; Park et al., 2023).
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4.2 CHALLENGES IN IMPLEMENTATION

Computational demands remain significant due to resource-intensive workflows involving trans-
former models, iterative refinement, and large-scale embeddings (Qi et al., 2024; Yang et al., 2024b;
Bersenev et al., 2024). Data dependencies constrain hypothesis quality and novelty, as frameworks
rely heavily on training datasets, limiting exploration beyond known domains (Park et al., 2023;
Meincke et al., 2024). Alignment issues arise in reconciling AI-generated hypotheses with external
systems or domain-specific requirements, such as semantic coherence in temporal graphs (Zhou
et al., 2024a) or contextual accuracy in biomedical terminologies 2023. Evaluation variability re-
flects inconsistencies between human and automated reviews, particularly for subjective metrics
like novelty or impact (Skarlinski et al., 2024; Qi et al., 2024). Hallucinations, where plausible but
unfounded hypotheses emerge, persist in fields like biomedical research, mitigated through retrieval
augmented generation and adversarial prompting (Xiong et al., 2024; Pelletier et al., 2024). Iterative
inefficiencies occur as novelty and originality plateau during repeated refinement cycles, necessitat-
ing balanced optimization (Radensky et al., 2025; Lu et al., 2024). User adoption barriers stem from
the complexity of multi-stage frameworks or computational intensity, limiting accessibility for non-
expert users 2023, 10.1145/3584371.3613022. Semantic reasoning limitations and representation
variability further challenge nuanced causal or temporal hypothesis generation in scientific contexts
(Braun & Kunz, 2024; Koneru et al., 2024)

4.3 ETHICAL AND PRACTICAL CONCERNS

Transparency is promoted through detailed workflows, explainable AI tools, and open-source frame-
works, although the complexity of systems like AGATHA or BioNursery can hinder interpretability
for general users (Jamil et al., 2023; Lu et al., 2024). Bias mitigation ensures fair representation
across domains, addressing imbalances in training data to support equitable exploration of ideas
in underrepresented fields (Proebsting & Poliak, 2024; Meincke et al., 2024). Scientific integrity
underscores rigorous validation and reproducibility to avoid disseminating flawed or unreliable hy-
potheses, especially in high-stakes areas like biomedical research (Batista & Ross, 2024; Li et al.,
2024b). Accessibility remains a critical challenge due to computational demands, with lightweight
models, modular workflows, and open-source tools proposed to democratize access (Xiong et al.,
2024; Demartini et al., 2024; Park et al., 2023). Intellectual credit attribution emphasizes recogniz-
ing contributions from AI systems, human collaborators, and data curators in generating hypotheses
(Ifargan et al., 2024). Responsibility in AI applications highlights safeguarding against unethical or
unsafe practices, ensuring compliance with ethical standards in deployment (Li et al., 2024b; Lu
et al., 2024). Equity promotes fair distribution of resources and balanced representation in AI-driven
research, particularly in domains like financial inclusion and biomedical innovation (Sharma et al.,
2024; Chen et al., 2024).

5 FUTURE DIRECTIONS

The rapid evolution of large language models (LLMs) in hypothesis generation has demonstrated
their transformative potential across diverse scientific domains. However, further advancements are
required to enhance their effectiveness, address ethical concerns, and expand their applicability. This
section outlines key future directions, including technological innovations, ethical frameworks, and
the broadening of LLM applications.

5.1 TECHNOLOGICAL INNOVATIONS

To fully leverage the capabilities of LLMs in scientific hypothesis generation, future developments
must focus on enhancing grounding mechanisms, contextual understanding, and multimodal learn-
ing. Enhanced LLM grounding requires that hypotheses be well supported by empirical evidence
and domain-specific knowledge; thus, future advancements should integrate deeper retrieval aug-
mented generation (RAG) techniques, knowledge graph embeddings, and dynamic fact-checking
models to improve the alignment of generated hypotheses with verified scientific literature and
datasets. Additionally, improved contextual understanding is essential, as LLMs often struggle with
capturing nuanced, domain-specific knowledge; fine-tuning models with specialized corpora, em-
ploying reinforcement learning from human feedback (RLHF), and implementing structured reason-
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ing frameworks can enhance contextual comprehension, while integrating chain-of-thought prompt-
ing and discourse aware generation will refine the ability to maintain logical consistency across
extended scientific narratives. Finally, the future of hypothesis generation lies in multimodal learn-
ing the fusion of text, images, graphs, and structured data where multimodal LLMs capable of
processing diverse data formats, such as experimental datasets, molecular structures, and astronom-
ical observations, will enable richer, interdisciplinary hypothesis generation through techniques like
vision-language models, structured data embeddings, and cross domain transfer learning.

5.2 ETHICAL FRAMEWORKS

As LLMs become integral to scientific research, establishing ethical guidelines and transparency
measures is paramount to ensure responsible and equitable deployment. AI generated hypotheses
should be interpretable and traceable to their data sources; thus, implementing robust documenta-
tion standards, citation tracking mechanisms, and audit trails is essential to improve accountability
in AI driven research. Additionally, because LLMs can inherit biases from their training data, fu-
ture systems should incorporate fairness aware training methodologies, debiasing algorithms, and
diversity-enhancing pretraining strategies, along with standardized transparent reporting on model
limitations and bias assessments. Ensuring the reliability of AI generated hypotheses requires rig-
orous validation protocols, which can be achieved by implementing hybrid human AI peer review
systems, embedding uncertainty quantification mechanisms, and fostering open source verification
initiatives to uphold scientific standards. Moreover, to democratize access to these advanced tools,
LLM driven hypothesis generation should be accessible across diverse research communities, in-
cluding those in resource-constrained settings, through open source AI frameworks, decentralized
model hosting, and community-driven AI governance structures.

5.3 EXPANDING APPLICATIONS

The application of LLMs in hypothesis generation has predominantly focused on well-established
scientific fields, but future research should explore underrepresented domains and interdisciplinary
integration. LLMs hold potential in underexplored areas such as archaeology, environmental sci-
ence, behavioral economics, and emergent materials discovery; expanding training datasets to in-
clude historical texts, ecological patterns, and alternative scientific paradigms can facilitate hypoth-
esis generation in these fields. Additionally, bridging insights across traditionally distinct disciplines
can lead to groundbreaking discoveries LLMs should be optimized for synthesizing knowledge
across fields like computational neuroscience, bioinformatics, and social ecological systems, with
semantic embeddings that link diverse scientific terminologies to enhance cross-domain hypothesis
formation. Moreover, AI driven research should not be confined to elite institutions; cloud-based
platforms, federated learning models, and AI powered collaborative research networks can empower
independent researchers, citizen scientists, and students worldwide, while incorporating multilingual
AI systems will promote knowledge dissemination across linguistic barriers.

6 CONCLUSION

The transformative potential of Large Language Models (LLMs) in hypothesis generation is re-
shaping the landscape of scientific discovery. By leveraging structured methodologies, retrieval-
augmented generation, multi-agent collaboration, and iterative refinement, LLMs have proven to be
valuable tools in diverse fields ranging from biomedical research to social sciences. Despite these
advancements, challenges such as data biases, computational inefficiencies, and ethical concerns
must be addressed to ensure responsible deployment and widespread accessibility. Moving forward,
enhancing LLM grounding, multimodal learning, and contextual reasoning will be crucial for im-
proving their reliability and applicability. Ethical frameworks emphasizing transparency, fairness,
and scientific integrity must be established to maintain trust in AI-generated research. Additionally,
expanding applications into underrepresented domains and fostering interdisciplinary collaborations
will further unlock the potential of LLMs in accelerating innovation. Ultimately, the future of AI-
driven hypothesis generation lies in a synergistic approach where technological advancements, eth-
ical considerations, and broad accessibility converge to create a more robust and equitable research
ecosystem. By integrating these principles, LLMs can serve as powerful catalysts for scientific
progress, democratizing knowledge and shaping the future of inquiry across disciplines.
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Thomas O’Brien, Joel Stremmel, Léo Pio-Lopez, Patrick McMillen, Cody Rasmussen-Ivey, and
Michael Levin. Machine learning for hypothesis generation in biology and medicine: exploring
the latent space of neuroscience and developmental bioelectricity. Digital Discovery, 3(2):249–
263, 2024. ISSN 2635-098X. doi: https://doi.org/10.1039/d3dd00185g. URL https://www.
sciencedirect.com/science/article/pii/S2635098X2400024X.

Yang Jeong Park, Daniel Kaplan, Zhichu Ren, Chia-Wei Hsu, Changhao Li, Haowei Xu, Sipei
Li, and Ju Li. Can chatgpt be used to generate scientific hypotheses?, 2023. URL https:
//arxiv.org/abs/2304.12208.

Yang Jeong Park, Daniel Kaplan, Zhichu Ren, Chia-Wei Hsu, Changhao Li, Haowei Xu, Sipei Li,
and Ju Li. Can chatgpt be used to generate scientific hypotheses? Journal of Materiomics, 10(3):
578–584, 2024. ISSN 2352-8478. doi: https://doi.org/10.1016/j.jmat.2023.08.007. URL https:
//www.sciencedirect.com/science/article/pii/S2352847823001557.

Alexander R. Pelletier, Joseph Ramirez, Irsyad Adam, Simha Sankar, Yu Yan, Ding Wang, Dylan
Steinecke, Wei Wang, and Peipei Ping. Explainable biomedical hypothesis generation via retrieval
augmented generation enabled large language models, 2024. URL https://arxiv.org/
abs/2407.12888.

Shaohui Peng, Xing Hu, Qi Yi, Rui Zhang, Jiaming Guo, Di Huang, Zikang Tian, Ruizhi Chen,
Zidong Du, Qi Guo, Yunji Chen, and Ling Li. Hypothesis, verification, and induction: Grounding
large language models with self-driven skill learning. Proceedings of the AAAI Conference on
Artificial Intelligence, 38(13):14599–14607, Mar. 2024. doi: 10.1609/aaai.v38i13.29376. URL
https://ojs.aaai.org/index.php/AAAI/article/view/29376.

Grace Proebsting and Adam Poliak. Hypothesis-only biases in large language model-elicited natural
language inference, 2024. URL https://arxiv.org/abs/2410.08996.

Biqing Qi, Kaiyan Zhang, Haoxiang Li, Kai Tian, Sihang Zeng, Zhang-Ren Chen, and Bowen Zhou.
Large language models are zero shot hypothesis proposers, 2023. URL https://arxiv.
org/abs/2311.05965.

Biqing Qi, Kaiyan Zhang, Kai Tian, Haoxiang Li, Zhang-Ren Chen, Sihang Zeng, Ermo Hua,
Hu Jinfang, and Bowen Zhou. Large language models as biomedical hypothesis generators: A
comprehensive evaluation, 2024. URL https://arxiv.org/abs/2407.08940.

Marissa Radensky, Simra Shahid, Raymond Fok, Pao Siangliulue, Tom Hope, and Daniel S. Weld.
Scideator: Human-llm scientific idea generation grounded in research-paper facet recombination,
2025. URL https://arxiv.org/abs/2409.14634.

Sujeet K. Sharma, Yogesh K. Dwivedi, Bhimaraya Metri, Banita Lal, and Amany Elbanna (eds.).
Transfer, Diffusion and Adoption of Next-Generation Digital Technologies, IFIP Advances in In-
formation and Communication Technology, 2024. Springer Cham. ISBN 978-3-031-50188-3.
doi: 10.1007/978-3-031-50188-3. Hardcover ISBN: 978-3-031-50187-6 (Published: 13 Decem-
ber 2023); Softcover ISBN: 978-3-031-50190-6 (Published: 14 December 2024); eBook ISBN:
978-3-031-50188-3 (Published: 12 December 2023); Series ISSN: 1868-4238, Series E-ISSN:
1868-422X; Edition: 1; Pages: XXII, 462; Contains 61 B/W and 59 colour illustrations; Topics:
Computer Applications, Computer Communication Networks, Coding and Information Theory.

12

https://ssrn.com/abstract=4526071
https://ssrn.com/abstract=4526071
https://arxiv.org/abs/2408.05086
https://arxiv.org/abs/2408.05086
https://africansciencegroup.com/index.php/AJAISD/article/view/205
https://africansciencegroup.com/index.php/AJAISD/article/view/205
https://www.sciencedirect.com/science/article/pii/S2635098X2400024X
https://www.sciencedirect.com/science/article/pii/S2635098X2400024X
https://arxiv.org/abs/2304.12208
https://arxiv.org/abs/2304.12208
https://www.sciencedirect.com/science/article/pii/S2352847823001557
https://www.sciencedirect.com/science/article/pii/S2352847823001557
https://arxiv.org/abs/2407.12888
https://arxiv.org/abs/2407.12888
https://ojs.aaai.org/index.php/AAAI/article/view/29376
https://arxiv.org/abs/2410.08996
https://arxiv.org/abs/2311.05965
https://arxiv.org/abs/2311.05965
https://arxiv.org/abs/2407.08940
https://arxiv.org/abs/2409.14634


Published as a conference paper at ICLR 2025 Workshop AgenticAI

Chenglei Si, Diyi Yang, and Tatsunori Hashimoto. Can llms generate novel research ideas? a
large-scale human study with 100+ nlp researchers, 2024. URL https://arxiv.org/abs/
2409.04109.

Michael D. Skarlinski, Sam Cox, Jon M. Laurent, James D. Braza, Michaela Hinks, Michael J.
Hammerling, Manvitha Ponnapati, Samuel G. Rodriques, and Andrew D. White. Language agents
achieve superhuman synthesis of scientific knowledge, 2024. URL https://arxiv.org/
abs/2409.13740.

Scott Spangler, Angela D. Wilkins, Benjamin J. Bachman, Meena Nagarajan, Tajhal Dayaram, Pe-
ter Haas, Sam Regenbogen, Curtis R. Pickering, Austin Comer, Jeffrey N. Myers, Ioana Stanoi,
Linda Kato, Ana Lelescu, Jacques J. Labrie, Neha Parikh, Andreas Martin Lisewski, Lawrence
Donehower, Ying Chen, and Olivier Lichtarge. Automated hypothesis generation based on min-
ing scientific literature. In Proceedings of the 20th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, KDD ’14, pp. 1877–1886, New York, NY, USA, 2014.
Association for Computing Machinery. ISBN 9781450329569. doi: 10.1145/2623330.2623667.
URL https://doi.org/10.1145/2623330.2623667.

Justin Sybrandt, Ilya Tyagin, Michael Shtutman, and Ilya Safro. Agatha: Automatic graph mining
and transformer based hypothesis generation approach. In Proceedings of the 29th ACM In-
ternational Conference on Information & Knowledge Management, CIKM ’20, pp. 2757–2764,
New York, NY, USA, 2020. Association for Computing Machinery. ISBN 9781450368599. doi:
10.1145/3340531.3412684. URL https://doi.org/10.1145/3340531.3412684.

Mothilal Tadiparthi, Sindhu Pasupuleti, Sita Venkata Sathwika Talluri, Subramanyam Raju San-
garaju, and Manikanta Mogili. Scihypo - a deep learning framework for data-driven scientific
hypothesis generation from extensive literature analysis. In 2024 International Conference on
Expert Clouds and Applications (ICOECA), pp. 1037–1042, 2024. doi: 10.1109/ICOECA62351.
2024.00180.

Shiro Takagi, Ryutaro Yamauchi, and Wataru Kumagai. Towards autonomous hypothesis verifica-
tion via language models with minimal guidance, 2023. URL https://arxiv.org/abs/
2311.09706.

Liyan Tang, Yifan Peng, Yanshan Wang, Ying Ding, Greg Durrett, and Justin F. Rousseau. Less
likely brainstorming: Using language models to generate alternative hypotheses, 2023. URL
https://arxiv.org/abs/2305.19339.

Song Tong, Kai Mao, Zhen Huang, Yukun Zhao, and Kaiping Peng. Automating psychologi-
cal hypothesis generation with ai: when large language models meet causal graph. Humani-
ties and Social Sciences Communications, 11(1):896, 2024. ISSN 2662-9992. doi: 10.1057/
s41599-024-03407-5. URL https://doi.org/10.1057/s41599-024-03407-5.

Ruocheng Wang, Eric Zelikman, Gabriel Poesia, Yewen Pu, Nick Haber, and Noah D. Goodman.
Hypothesis search: Inductive reasoning with language models, 2024. URL https://arxiv.
org/abs/2309.05660.

Chaoyi Wu, Weixiong Lin, Xiaoman Zhang, Ya Zhang, Yanfeng Wang, and Weidi Xie. Pmc-llama:
Towards building open-source language models for medicine, 2023. URL https://arxiv.
org/abs/2304.14454.

Chunqiu Steven Xia, Yifeng Ding, and Lingming Zhang. The plastic surgery hypothesis in the era of
large language models. In 2023 38th IEEE/ACM International Conference on Automated Software
Engineering (ASE), pp. 522–534. IEEE, September 2023. doi: 10.1109/ase56229.2023.00047.
URL http://dx.doi.org/10.1109/ASE56229.2023.00047.

Chunqiu Steven Xia, Yifeng Ding, and Lingming Zhang. The plastic surgery hypothesis in the era of
large language models. In Proceedings of the 38th IEEE/ACM International Conference on Auto-
mated Software Engineering, ASE ’23, pp. 522–534. IEEE Press, 2024. ISBN 9798350329964.
doi: 10.1109/ASE56229.2023.00047. URL https://doi.org/10.1109/ASE56229.
2023.00047.

13

https://arxiv.org/abs/2409.04109
https://arxiv.org/abs/2409.04109
https://arxiv.org/abs/2409.13740
https://arxiv.org/abs/2409.13740
https://doi.org/10.1145/2623330.2623667
https://doi.org/10.1145/3340531.3412684
https://arxiv.org/abs/2311.09706
https://arxiv.org/abs/2311.09706
https://arxiv.org/abs/2305.19339
https://doi.org/10.1057/s41599-024-03407-5
https://arxiv.org/abs/2309.05660
https://arxiv.org/abs/2309.05660
https://arxiv.org/abs/2304.14454
https://arxiv.org/abs/2304.14454
http://dx.doi.org/10.1109/ASE56229.2023.00047
https://doi.org/10.1109/ASE56229.2023.00047
https://doi.org/10.1109/ASE56229.2023.00047


Published as a conference paper at ICLR 2025 Workshop AgenticAI

Guangzhi Xiong, Eric Xie, Amir Hassan Shariatmadari, Sikun Guo, Stefan Bekiranov, and Aidong
Zhang. Improving scientific hypothesis generation with knowledge grounded large language mod-
els, 2024. URL https://arxiv.org/abs/2411.02382.

Zonglin Yang, Xinya Du, Junxian Li, Jie Zheng, Soujanya Poria, and Erik Cambria. Large language
models for automated open-domain scientific hypotheses discovery, 2024a. URL https://
arxiv.org/abs/2309.02726.

Zonglin Yang, Wanhao Liu, Ben Gao, Tong Xie, Yuqiang Li, Wanli Ouyang, Soujanya Poria, Erik
Cambria, and Dongzhan Zhou. Moose-chem: Large language models for rediscovering unseen
chemistry scientific hypotheses, 2024b. URL https://arxiv.org/abs/2410.07076.

Ievgen Zaitsev, Oleksandr Golubenko, Olha Tkachenko, Oleksandr Pidmohylnyi, and Artem An-
tonenko. Exploring advanced hypothesis generation in astronomy through the implementa-
tion of a mathematical model of linguistic neural networks. In DSMSI, 2023. URL https:
//api.semanticscholar.org/CorpusID:270069055.

Tongtao Zhang, Ananya Subburathinam, Ge Shi, Lifu Huang, Di Lu, Xiaoman Pan, Manling Li, Bo-
liang Zhang, Qingyun Wang, Spencer Whitehead, Heng Ji, Alireza Zareian, Hassan Akbari, Brian
Chen, Ruiqi Zhong, Steven Shao, Emily Allaway, Shih-Fu Chang, Kathleen McKeown, Dongyu
Li, Xin Huang, Kexuan Sun, Xujun Peng, Ryan Gabbard, Marjorie Freedman, Mayank Kejriwal,
Ram Nevatia, Pedro A. Szekely, T. K. Satish Kumar, Ali Reza Sadeghian, Giacomo Bergami,
Sourav Dutta, Miguel E. Rodrı́guez, and Daisy Zhe Wang. Gaia - a multi-media multi-lingual
knowledge extraction and hypothesis generation system. Theory and Applications of Categories,
2018. URL https://api.semanticscholar.org/CorpusID:145039545.

Huiwei Zhou, Wenchu Li, Weihong Yao, Yingyu Lin, and Lei Du. Contrasting multi-source tem-
poral knowledge graphs for biomedical hypothesis generation. IEEE/ACM Transactions on Com-
putational Biology and Bioinformatics, 21(6):2102–2112, 2024a. doi: 10.1109/TCBB.2024.
3451051.

Yangqiaoyu Zhou, Haokun Liu, Tejes Srivastava, Hongyuan Mei, and Chenhao Tan. Hypothe-
sis generation with large language models. In Proceedings of the 1st Workshop on NLP for
Science (NLP4Science), pp. 117–139. Association for Computational Linguistics, 2024b. doi:
10.18653/v1/2024.nlp4science-1.10. URL http://dx.doi.org/10.18653/v1/2024.
nlp4science-1.10.

14

https://arxiv.org/abs/2411.02382
https://arxiv.org/abs/2309.02726
https://arxiv.org/abs/2309.02726
https://arxiv.org/abs/2410.07076
https://api.semanticscholar.org/CorpusID:270069055
https://api.semanticscholar.org/CorpusID:270069055
https://api.semanticscholar.org/CorpusID:145039545
http://dx.doi.org/10.18653/v1/2024.nlp4science-1.10
http://dx.doi.org/10.18653/v1/2024.nlp4science-1.10


Published as a conference paper at ICLR 2025 Workshop AgenticAI

A APPENDIX

A.1 COMPARATIVE ANALYSIS

In this section, a comprehensive comparison of the current AI-driven hypothesis generation frame-
works is provided, with the aim of elucidating both their strengths and inherent limitations. The
analysis is structured into three subsections. First, the strengths and weaknesses of existing systems
are examined, with features such as structured reasoning, iterative refinement, and modular work-
flows being highlighted for their contribution to effectiveness, while challenges such as reliance
on curated datasets and computational inefficiencies are noted. Next, emerging trends and patterns
that are shaping the evolution of these frameworks are identified, ranging from the integration of
hybrid models and enhanced explainability to the shift toward end-to-end automation. Finally, criti-
cal research gaps are discussed, including the need for more versatile data integration, standardized
evaluation metrics, and improved scalability and error mitigation. A clear snapshot of the current
landscape is provided by this comparative analysis, and insights into potential avenues for future
innovation in AI-driven hypothesis generation are offered.

A.1.1 STRENGTHS AND WEAKNESSES OF CURRENT SYSTEMS

The frameworks reviewed demonstrate significant advancements in hypothesis generation, high-
lighting key features such as structured reasoning, domain-specific adaptations, iterative refinement,
modular workflows, and end-to-end automation. Systems like SciMON (Chai et al., 2024) and
FieldSHIFT (O’Brien et al., 2024) leverage domain-specific datasets and interdisciplinary insights,
enabling novel and highly relevant hypotheses tailored to their respective fields. Similarly, Hy-
poGeniC (Zhou et al., 2024b), SciHypo (Tadiparthi et al., 2024), and MOOSE-Chem (Yang et al.,
2024b; Qi et al., 2024) highlight structured approaches and iterative refinement to improve logical
consistency, novelty, and domain relevance. Frameworks such as MOOSE (Yang et al., 2024a),
RUGGED (Pelletier et al., 2024), and KnIT (Spangler et al., 2014) demonstrate the utility of mod-
ular workflows, enhancing scalability and adaptability. Tools like AGATHA (Sybrandt et al., 2020),
GAIA (Zhang et al., 2018), and BioNursery (Jamil et al., 2023) excel in integrating graph based rea-
soning and multimodal data, enabling effective hypothesis validation. Systems like Chain-of-Ideas
(CoI) (Li et al., 2024a) and Nova (Hu et al., 2024) focus on iterative planning, ranking hypothe-
ses, and ensuring novelty through self correcting feedback loops. Advanced systems such as the
AI Scientist (Lu et al., 2024)Sources and related content and Multi-Agent LLM (Qi et al., 2024)
expand these methodologies to automate entire research pipelines, integrating tools like PubMed,
coding assistants, and multidimensional evaluation metrics to enhance feasibility, novelty, and re-
producibility. However, limitations remain. Many systems depend heavily on curated datasets or
structured inputs, such as PubMed (Abdel-Rehim et al., 2024; Tadiparthi et al., 2024), E-CARE
datasets (Tang et al., 2023), or knowledge graphs (Jamil et al., 2023; Zhou et al., 2024a; Baek
et al., 2024). This reliance restricts adaptability to dynamic, unstructured, or real-time data sources.
Computational inefficiencies, particularly in iterative workflows and multi-agent systems, hinder
scalability. Moreover, while novelty is a consistent strength, feasibility and robustness often require
human intervention, reducing autonomy.

A.1.2 EMERGING TRENDS AND PATTERNS

Recent advancements in AI-driven hypothesis generation have showcased a diverse array of
methodologies that integrate structured reasoning and graph-based approaches, iterative refinement,
domain-specific adaptations, hybrid models, end-to-end automation, and enhanced explainability.
Many systems now leverage structured knowledge sources such as causal graphs (Tong et al., 2024;
Xiong et al., 2024), knowledge-grounded frameworks (Jamil et al., 2023), and graph reasoning
(Sybrandt et al., 2020; Zhou et al., 2024a) to boost scalability, relevance, and the validity of gen-
erated hypotheses. Frameworks like HypoGeniC (Zhou et al., 2024b), BRAINSTORM (Tang
et al., 2023), and Nova (Hu et al., 2024) employ iterative refinement techniques—using adversar-
ial prompting, contrastive learning, and feedback loops—to continuously improve the quality and
robustness of their hypotheses. Recognizing the importance of tailoring methodologies to specific
challenges, systems such as SciMON (Chai et al., 2024), SciHypo (Tadiparthi et al., 2024), and
MOOSE-Chem (Yang et al., 2024b) (Yang et al., 2024b) adapt their approaches to meet domain-
specific needs, underscoring the value of domain expertise in guiding AI research. Additionally,
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tools like GAIA (Zhang et al., 2018), SHi (Koneru et al., 2024), and Multi-Agent LLM (Qi et al.,
2024) illustrate the potential of hybrid models by integrating structured data with language models,
thereby combining the strengths of structured and unstructured sources. Furthermore, frameworks
such as AI Scientist (Lu et al., 2024) and Multi-Agent LLM (Qi et al., 2024) demonstrate the trend
toward end-to-end automation, streamlining entire research workflows and reducing the need for
human intervention. Finally, a focus on explainability and evaluation transparency is evident in sys-
tems like FieldSHIFT (O’Brien et al., 2024), ML-integrated frameworks (Batista & Ross, 2024),
and CoI (Li et al., 2024a), which emphasize the necessity for standardized benchmarks that assess
novelty, interpretability, and reproducibility.

A.1.3 RESEARCH GAPS

Recent research in AI-driven hypothesis generation highlights several key challenges and opportu-
nities that must be addressed to further advance the field. Many current frameworks rely heavily
on curated datasets or structured inputs, which limits their applicability in less organized, multi-
modal, or real time contexts. Expanding systems such as BioNursery (Jamil et al., 2023), GAIA
(Zhang et al., 2018), and ResearchAgent (Baek et al., 2024) to integrate diverse data types would
significantly enhance their versatility. Additionally, while these systems consistently produce novel
hypotheses, practical feasibility often lags behind; incorporating domain-specific constraints and
real time validation mechanisms—as demonstrated in frameworks like HypoGeniC (Zhou et al.,
2024b), NovaHu et al. (2024), and GPT-4( (Park et al., 2023) could help balance this trade-off.
Moreover, the iterative workflows and multi-agent systems employed by platforms like AI Scientist
(Lu et al., 2024) and MOOSE (Yang et al., 2024a) introduce significant resource demands, making
the optimization of computational processes essential for improving scalability and accessibility.
Another critical area is the need for standardized evaluation metrics, as many frameworks currently
lack unified benchmarks to comprehensively assess hypothesis quality across dimensions such as
interdisciplinary relevance, reproducibility, and fairness. In parallel, issues related to error reduction
and robustness evidenced by instances of hallucinations, fabricated experimental details, and biased
outputs in systems like AI Scientist (Lu et al., 2024) and GPT-4 (Park et al., 2023) underscore the
necessity for improved error-checking and validation mechanisms. Ethical and transparency consid-
erations also play a crucial role, particularly given the potential misuse of AI systems in generating
fraudulent research or overwhelming peer review processes, which calls for the establishment of
robust ethical guidelines and transparent deployment protocols.Finally, although frameworks like
MOOSE-Chem (Yang et al., 2024b) (Yang et al., 2024b) and KnIT (Spangler et al., 2014) are
capable of generating high quality hypotheses, their limited integration with experimental work-
flows and real time validation systems indicates that bridging this gap is essential for creating more
effective end-to-end research pipelines.
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