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Abstract

Artificial intelligence (AI) has lately emerged as a transformative force in scientific discovery, with
skills in accelerating knowledge synthesis, automating experimentation, and enhancing interdis-
ciplinary collaboration. As research challenges—ranging from climate change to rare disease
treatments—grow more and more complex, the rapid evolution of AI calls for a comprehensive
examination of its current and future roles. Despite recent breakthroughs, the field remains frag-
mented, due to the lack of a unified framework to understand AI’s progression in science and its
implications for data science, in particular. To address this gap, this review provides an analysis
on AI for science, and also introduces a novel three-phase framework—Keplerian (data-driven
pattern recognition), Edisonian (autonomous experimentation), and Einsteinian (foundational
innovation)—to conceptualize AI’s evolving role in science. Additionally, we discuss the ethical,
environmental, and data privacy challenges that go alongside AI’s integration in science, empha-
sizing the need for sustainable and responsible development. This review outlines how AI may
transform the scientific methods and to help researchers harness AI’s potential to drive scientific
innovation.
Keywords Einsteinian phase AGI; human computer collaboration; knowledge dissemination;
machine learning; scientific discovery; transdisciplinary research

1 Introduction
Scientific research stands at a pivotal moment in history, characterized by both unprecedented
potential and daunting challenges. Over the past half-century, the number of scientists in the
US has increased sevenfold, yet the rate of transformative discoveries has not nearly kept up
proportionally (Burke, 2019). The complexities within modern science have reached a point
where progress is often hindered by bottlenecks in knowledge synthesis, resource limitations,
and the sheer scale of interdisciplinary expertise required to address these challenges (MacLeod
et al., 2019). Problems like combating climate change, decoding the human genome, developing
treatments for rare diseases, and understanding socioeconomic systems demand deep special-
ization across multiple fields, which often takes decades to achieve (National Science Board,
2020; Leontidis, 2024; Griffin et al., 2024). This divergence between growth in scientific capa-
bility and the rate of impactful discoveries reflects the increasing difficulty of navigating vast
amounts of information. The modern scientific landscape requires researchers to work through
an overwhelming amount of literature, manage data from various sources, and collaborate across
multiple fields to develop innovative solutions. As these fields become more specialized, divides
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intensify, creating barriers to addressing complex, transdisciplinary problems (World Economic
Forum, 2021). This paradox raises the question: how can we accelerate the rate of discovery and
overcome these systemic challenges?

Artificial intelligence (AI) has since emerged as an importance force is transforming the
scientific process (Kellogg Insight, 2024). By synthesizing knowledge across scientific fields and
enabling simulations of complex systems, AI presents newfound opportunities in overcoming ex-
isting bottlenecks in research, discovery, and innovation (Google, 2024). Recent breakthroughs
demonstrate this potential, highlighting a growing trend towards leveraging technology and AI
to introduce solutions aimed at solving pressing scientific challenges (Griffin et al., 2024). Beyond
automation, AI is also reshaping how knowledge is disseminated and applied. Traditional scien-
tific publications, while essential for peer review and archival purposes, are often inaccessible to
policymakers, educators, and the greater population (Youvan, 2024). AI-driven tools can bridge
this gap by translating complex research findings into actionable steps for diverse audiences,
thus fostering collaboration while accelerating the uptake of scientific knowledge (Reddy and
Mathur, 2025). For instance, AI-powered platforms like Semantic Scholar use natural language
processing to automatically generate summaries of scholarly papers, assisting researchers and
policymakers in staying current with developments across various fields. Furthermore, advance-
ments in machine translation, powered by AI, have made scientific literature more accessible
to non-specialists by translating complex research findings into multiple languages, thus broad-
ening the reach and impact of scientific discoveries (Steigerwald et al., 2022). Together, these
AI-driven innovations are reshaping how knowledge is disseminated and applied, ensuring that
scientific insights are more accessible and actionable for a wider audience.

However, the integration of AI into science is not without its challenges; concerns over data
biases (Mehrabi et al., 2021), the environmental impact of computationally intensive models
(Strubell et al., 2020), and ethical considerations surrounding dual-use applications (Brundage
et al., 2018) emphasize the need for responsible AI development. Addressing these challenges
requires an approach which combines technical innovation with ethical oversight and public
engagement (Díaz-Rodríguez et al., 2023; Drew, 2024).

This review paper examines the role of AI in science, focusing on its current contributions,
future opportunities, and associated risks. Section 2 discusses the impact of AI on modern sci-
ence, highlighting breakthrough applications and their significance. Additionally, this section
examines prospective opportunities, including AI’s potential to accelerate discovery and address
complex challenges in science. Special attention is given to AI’s influence on data science, review-
ing both its current impact and future possibilities. Section 3 addresses the limitations and risks
of relying on AI, including its environmental impact and ethical concerns. Section 4 synthesizes
insights and outlines potential future directions. Finally, Section 5 presents an overview and call
to action. By incorporating recent advancements and landmark case studies, this review aims
to provide a comprehensive and forward-looking perspective on AI’s impact on the scientific
landscape.

2 AI in Modern Science and Its Transformative Potential
In recent years, the growing complexity of scientific challenges has demanded interdisciplinary
approaches and intensive computational resources. Within this context, AI has proven to be a
key tool by breaking traditional barriers and accelerating advancements across various scientific
fields. This section highlights specific instances that demonstrate AI’s promising role in scientific
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discovery. Subsequently, we discuss the potential AI holds for scientific research, with emphasis
on how it can catalyze breakthroughs across different disciplines.

2.1 Breakthrough Applications

The integration of AI into various scientific fields has revolutionized protein science, exemplified
by DeepMind’s AlphaFold 2 (Jumper et al., 2021) and AlphaFold 3 (Abramson et al., 2024).
These programs have solved the decades-old protein folding problem by accurately predicting
three-dimensional protein structures using a deep learning framework. Contrary to traditional
approaches that rely heavily on chemistry and physics principles, AlphaFold employs a data-
driven approach; it operates end-to-end, processing amino acid sequences as input and directly
outputting 3D structures through a sophisticated neural network. This paradigm shift has not
only advanced our understanding of protein structures but also catalyzed developments in related
fields, enabling the identification of novel therapeutic targets and accelerating drug discovery
processes. In a related advancement, biochemist and computational biologist David Baker’s intro-
duction of RFDiffusion—a method that combines structure prediction with generative diffusion
models—has further expanded the potential of protein design (Watson et al., 2023). RFDiffu-
sion facilitates the design of novel proteins that could revolutionize fields such as medicine and
materials science by enabling the development of new therapies, vaccines, and advanced bio-
materials. The collective contributions of DeepMind’s team, including John Jumper and Demis
Hassabis, alongside David Baker’s pioneering work, were recognized with the 2024 Nobel Prize
in Chemistry. This distinction underscores the vital role of computational methodologies in de-
ciphering complex biological challenges, showcasing the emergence of what NVidia CEO Jensen
Huang termed at GTC 2024 as “Digital Biology”. According to Huang (2024), “For the first time
in human history, biology has the opportunity to be engineered, not just studied as a science.
When something shifts to an engineering discipline, it becomes more systematic and experiences
exponential improvement. This allows for the compounding of benefits from previous years, and
each researcher’s contribution builds upon those of others in a significant way for the first time.”
This transition signifies a shift from traditional study to a more engineered approach, promis-
ing systematic improvements and accelerating scientific achievements. This transformation not
only fosters cumulative advancement in biology but also enhances the scope of each scientist’s
contribution to an ever-evolving body of knowledge.

Beyond biology, this trend of AI-driven discovery extends to other fundamental areas of
science. DeepMind’s AlphaTensor project demonstrates the power of AI to discover novel and
more efficient algorithms. AlphaTensor addressed the fundamental problem of matrix multipli-
cation, an operation in computing with widespread applications in fields like machine learning
and computer graphics. By framing the search for efficient matrix multiplication algorithms as a
game, AlphaTensor, using reinforcement learning, discovered algorithms that outperform exist-
ing human-designed approaches for specific matrix sizes. This achievement goes beyond just im-
proving computational efficiency: it showcases the potential of AI to uncover previously unknown
mathematical structures and optimize core computational processes, impacting a wide range of
scientific and technological endeavors (Fawzi et al., 2022). DeepMind’s GraphCast model high-
lights how AI can go as far as revolutionizing weather forecasting. Traditional numerical weather
prediction models are computationally intensive and can be slow, limiting their ability to provide
timely and accurate forecasts, especially for extreme weather events. GraphCast employs a graph
neural network to learn from historical weather data and make accurate short-to-medium range
weather forecasts significantly faster than traditional methods. This speed advantage allows for
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more frequent updates and improved predictions of extreme weather, potentially saving lives
and reducing the damage of natural disasters. This application of AI to a complex, real-world
problem like weather forecasting demonstrates its abilities to address societal challenges and en-
hance our understanding of complex systems (Lam et al., 2023). Examples like AlphaTensor in
mathematics, GraphCast in meteorology, and AlphaFold and RFDiffusion in biology illustrate
a greater trend: AI is more than a tool for analyzing data; it is becoming an engine for sci-
entific discovery, capable of generating new knowledge, optimizing fundamental processes, and
accelerating the pace of scientific progress across numerous fields.

2.2 AI as a Catalyst for Transformation and Future Opportunities

Scientific discovery is a complex process, centered around hypothesis generation, experimenta-
tion, data analysis, and the dissemination of findings. Each stage requires creativity, precision,
and collaboration, often constrained by the limits of human cognition and resources. AI is
transforming this process, acting as a catalyst that accelerates and amplifies the capabilities of
researchers, allowing for breakthroughs that were once thought to be out of reach.

2.2.1 Hypothesis Generation

The journey of scientific discovery begins with asking the right questions—formulating hypothe-
ses that guide research. Traditionally, hypothesis generation has been a labor-intensive, iterative
process that relies heavily on human intuition and expertise. A critical part of this process in-
volves reviewing existing literature to build a foundation for a current understanding of the field.
However, with the exponential growth in scientific publications, the burden of knowledge has
become overwhelming. Researchers can only read and process a limited number of papers daily,
and their selections may introduce biases due to personal preferences or accessibility. Recent
advancements in large language models (LLMs) have transformed the research landscape. For
example, with the help of LLMs, researchers can now analyze, extract, and synthesize informa-
tion from hundreds to thousands of papers in hours (Wu et al., 2025). These tools drastically
reduce the time spent on literature reviews, allowing scientists to focus on refining their hypothe-
ses instead of getting stuck in the initial stages of knowledge gathering. LLMs also expand their
utility to inventors conducting patent searches, minimizing redundancy and saving resources. By
the end of 2024, AI search is emerging as a key application, and in 2025, it is expected to prolif-
erate (Cahn, 2024). There are also emerging trends in AI search engines, with predictions that
domain-specific solutions will become widely adopted—for instance, physicians and healthcare
providers may use OpenEvidence, investors and analysts may use Perplexity, and lawyers may
use Harvey. These advancements promise to make vast amounts of knowledge more accessible,
allowing researchers to explore questions that would otherwise remain unexplored. AI tools also
enable researchers to navigate vast hypothesis spaces efficiently, providing preliminary feedback
that refines hypotheses iteratively. For example, in drug design, researchers traditionally spent
months determining the 3D structure of proteins from amino acid sequences to visualize and
validate their designs. Tools like AlphaFold revolutionize this hypothesis-generation process,
generating highly accurate protein structures within mere seconds. This capability accelerates
iterative cycles, which then allow scientists to rapidly test and refine their hypotheses, ultimately
improving both the quality and speed of their research.

AI’s role in hypothesis generation is exemplified by its ability to identify optimal solutions
to problems with vast and complex search spaces. For example, designing a small molecule drug



110 Fu, V.

involves exploring 1060 potential options, while creating a protein with 400 standard amino acids
presents 20400 possibilities. AI-driven algorithms help navigate these immense spaces, pinpointing
the most promising solutions for further investigation (Agrawal et al., 2024). Similarly, in the
development of FAST-PETase, an enzyme engineered to degrade PET plastics, machine learning
algorithms analyzed data to predict which mutations of the naturally occurring PETase enzyme
were most likely to enhance its efficiency (Lu et al., 2022). AI’s assistance in discovering effective
solutions to plastic waste degradation showcase its potential in addressing real-world challenges.

Beyond efficiency, AI facilitates the generation of deeper, more impactful hypotheses. As
Demis Hassabis, CEO and co-founder of DeepMind, once noted, science can be thought of as a
tree of knowledge, where solving fundamental “root node problems,” such as protein structure
prediction or quantum chemistry, can unlock entirely new branches of research and applications
(Hassabis, 2024). By integrating insights from vast datasets and leveraging advanced compu-
tational models, AI can help researchers refine their questions and propose bold, foundational
hypotheses that push the boundaries of science. These tools enable scientists to shift their fo-
cus from incremental improvements to addressing root problems with the potential to propel
transformative advancements across various fields.

2.2.2 Experimentation

Once hypotheses are formed, testing them through experimentation is often resource-intensive
and time-consuming. For experiments like nuclear fusion, which offers a potential clean and
limitless energy source, equipment and facilities are difficult to access. AI can help simulate
and accelerate these complex experiments. Researchers from Google partnered with the Swiss
Federal Institute of Technology Lausanne to demonstrate how to use a reinforcement learning
algorithm to control the shape of plasma in a simulation of a tokamak reactor (Degrave et al.,
2022). These approaches could be extended to other experimental facilities, such as particle
accelerators, telescope arrays, or gravitational wave detectors (Griffin et al., 2024). By enabling
virtual experimentation, AI introduces levels of efficiency which were previously unattainable.
A particularly exciting development is the use of AI to bridge dimensional gaps in data, effec-
tively enabling “virtual 3D experimentation” from 2D input. Projects like Sora demonstrate the
potential of transforming 2D images and video into dynamic 3D models (Li et al., 2024). This
allows for the visualization and analysis of phenomena that would otherwise require complex
and expensive physical setups. For instance, Sora’s ability to generate scenes like a pirate ship
sailing in a coffee cup showcases the potential to explore complex 3D interactions in a virtual en-
vironment. This capability works beyond mere visualization; it offers a new avenue for scientific
inquiry, allowing researchers to manipulate and interact with these virtual 3D models to test
hypotheses and gain insights into real-world phenomena. Furthermore, this ability to project
from lower to higher dimensions hints at the possibility of modeling even more complex sys-
tems, potentially providing a framework for both exploring and understanding four-dimensional
spacetime in the future.

Beyond simulation, AI is increasingly being deployed to automate physical laboratories,
accelerating the pace of experimentation. This involves merging AI algorithms with robotic
systems capable of performing a wide range of laboratory tasks, from sample preparation and
manipulation to data acquisition and analysis. For example, Burger et al. (2020) have developed
automated platforms for materials discovery, using AI to design experiments, control robotic
synthesis equipment, and analyze the resulting materials’ properties. These “self-driving labs”
can operate 24/7, generating vast amounts of data and expediting the discovery of new materials
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with desired characteristics. This automation not only speeds up the experimental process but
also reduces human error, leading to more reliable and reproducible results. Furthermore, AI can
optimize experimental design in real-time, adapting to incoming data and iteratively refining
the experimental parameters to maximize information gain, further enhancing the efficiency of
scientific discovery.

2.2.3 Implications for Data and Data Science

Data is the cornerstone of scientific inquiry, providing the empirical foundation for testing hy-
potheses and building theories. It serves as the evidence crucial to validate or refute hypotheses,
driving the iterative cycle of discovery and innovation. Through data, researchers can identify
patterns, establish correlations, and draw conclusions that enhance our understanding of the
natural world. Given its importance, the impact of AI on data science is a fundamental aspect
of scientific advancement.

Evolution of Data Definition. The concept of data has evolved significantly over time.
Traditionally, data might have been confined to rows and columns in an Excel spreadsheet.
Today, AI technology has expanded our ability to analyze diverse data types, including images,
videos, audio recordings, and textual information. For instance, Wikipedia, often regarded as a
simple reference website, has been used by organizations like OpenAI as a foundational dataset
for training large language models (LLMs) (Brown et al., 2020). Similarly, protein sequence
databases, which were originally designed for manual searches, have been transformed into re-
sources for AI-driven research, thus enabling the generation of functional proteins from existing
sequences (Madani et al., 2023). As AI continues to advance, both the definition of data and its
applications will likely expand, driving progress in unforeseen directions.

Advancements in Data Analysis Methods. The methods used to analyze data have
also undergone a transformation. Traditional statistical techniques are well-suited for small,
structured datasets but may fall short when applied to large-scale and extra high-dimensional
data, such as those encountered in protein structure prediction, image recognition, video gen-
eration, and natural language processing. To address these challenges, new model architectures
have emerged, including convolutional neural networks (CNNs) (LeCun et al., 1989), and trans-
formers (Vaswani et al., 2017). These models have been pivotal in advancing AI applications in
science. For example, in genomics, AI-driven models can predict the effects of genetic mutations
on protein function, leading to new insights into disease mechanisms and potential therapeutic
targets (Xu et al., 2025). Recent progress in data science has also influenced the field of tradi-
tional statistics. Researchers have increasingly recognized the value of predictive models that do
not rely on predefined assumptions about data generation. This distinction was highlighted by
Breiman (2001) two decades ago as the “two cultures” of statistical modeling.

Scaling Computation for Large Datasets. Traditional statistical methods are not opti-
mized for large-scale GPU computation, which can significantly speed up data analysis. AI-driven
approaches, particularly deep learning algorithms, leverage GPU parallel processing to handle
massive datasets more efficiently. The importance of scalability in AI has been emphasized in
Sutton (2019)’s paper on the “bitter lessons,” which argues for the development of generalizable
methods that are applicable to various domains. Scaling laws (Kaplan et al., 2020) continue to
highlight the advantages of large-scale computation in improving AI model performance. We an-
ticipate the emergence of more efficient algorithms in the next decade, driven by advancements
in GPU and other accelerated computing hardware. These developments will significantly con-
tribute to the progress of data science. An example of this trend is the recent DeepSeek model,
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which integrates various techniques through an algorithm-architecture co-design approach (Liu
et al., 2024).

Data Generation and Synthetic Data. Data generation plays a critical role in scien-
tific research; in particular, when real-world data is either scarce or expensive to obtain. AI
has facilitated the creation of synthetic data that closely mimics real-world datasets, which pro-
vides researchers with valuable resources for experimentation. For example, in computer vision,
generative adversarial networks (GANs) have been used to synthesize images of objects, ani-
mals, and scenes, enhancing model training and evaluation (Goodfellow et al., 2014). In fields
such as healthcare, data collection is both costly and time-intensive. However, not all data points
contribute equally to model performance. Active learning algorithms can help prioritize data col-
lection efforts by selecting the most informative samples. Large scientific experiments generate
enormous volumes of data, much of which is noisy, unstructured, or incomplete. AI-driven mod-
els are highly effective in sifting through such datasets. For example, experiments at the Large
Hadron Collider produce over 100 terabytes of data per second, most of which consists of mere
background noise. AI-based anomaly detection methods help identify rare, significant events
that would otherwise be overlooked (Collaboration, 2025). In genomics and single-cell biology,
AI-powered generative models and self-supervised learning methods enhance live-cell imaging,
refine protein-RNA expression analyses, and unveil new biological phenomena (National Science
Board, 2020).

Data Preprocessing and Cleaning. Data preprocessing—particularly data cleaning—
remains one of the most resource-intensive stages of scientific research, as raw datasets often
contain missing values, inconsistent units, batch effects, and instrument-specific artifacts that can
compromise downstream analysis. These problems are exacerbated by the lack of standardized
data formats across laboratories and platforms, requiring researchers to repeatedly construct
cleaning pipelines. AI-driven approaches could offer promising solutions by automating tasks
such as anomaly detection, imputation, normalization, record linkage, and metadata extraction.
Techniques based on representation learning can infer appropriate corrections directly from
data structure, while reinforcement learning systems such as RLClean (Peng et al., 2024) learn
adaptive cleaning strategies from expert feedback. LLMs further assist by structuring semi-
structured logs or notes into machine-readable formats. However, automated preprocessing may
introduce silent errors, struggle with rare edge cases, or obscure provenance, underscoring the
continued need for rigorous validation and human oversight even as AI reduces the manual
burden of data cleaning.

Facilitating Accessibility in Data Science. Analyzing complex datasets often requires
extensive domain expertise, especially in specialized fields such as healthcare. Biostatisticians, for
example, typically hold advanced degrees and possess deep expertise in niche areas of statistics.
However, researchers in other fields may not always have access to such expertise, limiting their
ability to derive meaningful insights from data. AI-driven tools like Copilot offer assistance
by recommending suitable analytical models and even generating code, thereby democratizing
access to these advanced statistical methods (Araújo et al., 2024).

AI in Data Labeling and Annotation. Data labeling and annotation are essential for
training machine learning models but are often constrained by the scarcity of labeled data. The
majority of collected data remains unlabeled, and manual annotation—particularly in fields like
medical pathology—can be both costly and time-consuming. Active learning methods optimize
efficiency by allowing models to selectively choose the most informative data points for annota-
tion (Deng et al., 2023). AI can also assist in automated labeling; for example, in 2022, Google
researchers used AI to predict protein functions, leading to the addition of new annotations in
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publicly available databases such as UniProt, Pfam, and InterPro (Griffin et al., 2024).
Addressing Data Privacy in Scientific Research. Data sharing presents significant

ethical and privacy challenges, especially in healthcare. Common de-identification techniques
often fail to provide sufficient protection, and differential privacy approaches struggle with mul-
timodal datasets that combine diverse data types, such as MRI images with patient narratives.
Generative AI models, such as diffusion-based techniques (Song et al., 2021), offer a promising
alternative. By learning the underlying distributions of real-world data, these models generate
synthetic datasets that preserve statistical relevance while mitigating privacy risks. This capa-
bility allows for secure data-sharing practices, enabling collaborative research while safeguarding
sensitive information.

2.2.4 Collaboration and Dissemination

The final step of the scientific process involves sharing discoveries and applying them to benefit
society (Sever, 2023). AI reshapes how scientific insights are communicated and used by bridg-
ing gaps between fields and democratizing access to knowledge (Dessimoz and Thomas, 2024).
LLMs like ChatGPT are changing how researchers engage with complex scientific findings. These
models can summarize papers and simplify technical information in ways more accessible to re-
searchers from diverse fields (Leontidis, 2024). For example, a physicist can quickly grasp key
insights from biological research, or a climate scientist can incorporate economic data into pre-
dictive models without needing deep expertise in economics. By reducing the knowledge burden,
AI promotes collaboration and accelerates the exchange of ideas across scientific disciplines
(Schäfer, 2023).

AI also bridges the gap between science and policy, addressing a long-standing challenge
in knowledge dissemination. Research discoveries are often locked in academic journals, only
accessible to field experts and difficult for policymakers or professionals in other fields to di-
gest. This barrier slows the translation of discoveries into actionable policies, often taking years
for new findings to influence resource distribution or legislative decisions (NIH Collaboratory,
2025). AI changes this dynamic through its ability to tailor scientific communication to different
audiences. For example, LLMs can reframe technical papers into summaries, customized expla-
nations, or multimedia presentations suitable for stakeholders with varying levels of expertise. In
the future, AI-powered interactive scientific publications could deliver relevant insights to policy-
makers, streamlining decision-making and accelerating the adoption of innovations. An example
of AI’s potential in actionable knowledge dissemination is its use in environmental science. Digi-
tal twins, such as virtual simulations of ecosystems, provide policymakers with tools to evaluate
the outcomes of climate interventions (Li et al., 2023). These simulations allow decision-makers
to experiment with resource distributions and policy choices in a risk-free virtual environment,
bridging the gap between research and real-world application.

While science has evolved significantly over the past centuries, the methods of knowledge
dissemination have remained largely unchanged. The journal publication process, which was
established over 400 years ago, continues to dominate how findings are shared, even despite its
limitations in the modern era of rapid innovation. This traditional system often struggles to keep
pace with the speed of discovery, particularly in fields like mathematics and statistics, where
the peer review and revision process can take years to complete (Aczel et al., 2025). To ad-
dress this gap, platforms like arXiv have emerged, allowing researchers to share pre-publication
manuscripts and bypass lengthy delays (Bengio, 2020). AI and LLM technologies have the po-
tential to transform this outdated model. These tools could enable innovative approaches to dis-
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seminating knowledge, like real-time collaborative platforms, automated summarization tools,
and interactive digital publications. By utilizing such tools, the scientific community can build
towards a pace of knowledge dissemination that matches the speed of discovery, fostering a more
connected and responsive research ecosystem (Sever, 2023; Youvan, 2024) which is paving the
way for a future where discoveries in science can quickly translate into benefits for society.

AI is not just a tool for automation; it is a vital partner in scientific inquiry, enhancing every
stage of the discovery process. From hypothesis generation, where AI analyzes vast datasets to
identify potential research questions, to dissemination, where AI-driven platforms tailor scientific
communication to diverse audiences, AI significantly boosts human ingenuity and accelerates
progress (Khalifa and Albadawy, 2024). In hypothesis generation, AI’s ability to process large
data volumes helps us uncover hidden patterns and correlations, aiding in formulating and
refining hypotheses (O’Brien et al., 2024). For example, AI models can predict the effects of
genetic mutations on protein function to provide insights into disease mechanisms and potential
therapies. During experimentation, AI optimizes experiment design and execution, maximizing
information gain and reducing resource use. In materials science, AI platforms autonomously
conduct experiments, analyze results, and refine conditions, speeding up the discovery of new
materials (Bai and Zhang, 2025). Beyond experimentation, AI profoundly impacts result analysis
and interpretation. Advanced models like deep learning handle complex data and extract insights
that guide research directions. In genomics and climate science, where data complexity is high,
this capability is indispensable (Alharbi and Rashid, 2022). In dissemination, AI transforms
knowledge sharing by making scientific insights accessible to researchers, policymakers, and the
public, fostering collaboration and real-world application. The integration of AI into science is
transformative, addressing pressing challenges, unlocking new knowledge frontiers, and paving
the way for rapid scientific advancements.

3 Challenges and Risks
While AI holds great potential, its widespread adoption introduces significant challenges and
risks. Addressing these concerns is critical to ensuring that AI serves as a force for progress while
minimizing unintended consequences.

Environmental Costs The environmental impact of AI systems presents a growing challenge
at the intersection of technological advancement and sustainability. Training a single model like
GPT-3 has been estimated to produce approximately 552 tons of CO2e—equivalent to the annual
emissions of 123 gasoline-powered vehicles (Patterson et al., 2021). Furthermore, recent anal-
yses suggest that AI-related electricity use may grow by an order of magnitude over the next
several years (de Vries, 2023). This growth signifies the dual nature of AI’s energy footprint:
while enabling technologies that work to benefit the environment, it simultaneously amplifies
environmental costs. Demonstrating both the challenge and its potential solution, Google Deep-
Mind achieved a 40% reduction in data center cooling energy by leveraging AI optimization
techniques, showing how AI itself can be a tool for energy efficiency (Jones, 2018). Innovations
in efficient computing offer promising paths in minimizing AI’s environmental footprint. For
example, MIT’s “Once-For-All” networks have reduced energy costs by up to 90% compared to
traditional neural architecture search methods, pointing toward a future where efficiency and
innovation can coexist (Cai et al., 2020). However, with the growing demand for AI, balancing
scientific advancements with environmental responsibility remains a formidable challenge. Ex-
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ploring bold and transformative solutions, the ASCEND feasibility study, led by Thales Alenia
Space under the Horizon Europe program, investigated the potential of space-based data centers
to meet the EU Green Deal’s target of net-zero emissions by 2050 (Thales Alenia Space, 2024).
The study revealed that deploying data centers in space could significantly reduce CO2 emis-
sions and water usage compared to Earth-based facilities, leveraging innovations like reusable
launchers and robotic orbital assembly technologies. This initiative not only aims to enhance
Europe’s digital sovereignty and data security but also projects the deployment of a 1-gigawatt
space data center by 2050, contributing to a projected market of 23 gigawatts by 2030. By com-
bining advancements in cloud computing, orbital systems, and eco-friendly data infrastructure,
the ASCEND project exemplifies the creative solutions needed to balance AI’s potential with
the need for sustainability.

Technical Challenges AI models often function as “black boxes,” where the mechanisms
driving their predictions or decisions are opaque even to their developers. This lack of inter-
pretability raises concerns about reproducibility and trust, especially in critical fields such as
medicine, where life-changing decisions depend on reliable results. For example, a misinterpreted
model output in drug discovery or clinical diagnostics could lead to harmful consequences (Mol-
nar et al., 2020). The development of explainable AI (XAI) systems is crucial to addressing
this issue. XAI focuses on creating models that perform accurately and provide clear, inter-
pretable explanations for their outputs. In fields like healthcare and autonomous systems, these
advancements could enhance trust and call for more effective human–AI collaboration.

Recent methodological developments in trustworthy machine learning (ML) attempt to ad-
dress this challenge from multiple directions. First, on interpretability: beyond classical post-hoc
explanations, new techniques embed interpretability into model architecture itself — for exam-
ple, feature-attention mechanisms for tabular or high-dimensional data (Arik and Pfister, 2021),
and the union of feature, data, and component attribution under a unified attribution framework
(Zhang et al., 2025). Meanwhile, surveys highlight a recent surge in research on interpretability
across modalities (text, image, multimodal), reflecting growing interest beyond traditional struc-
tured data (Gao and Guan, 2023). Second, on privacy and data governance: as ML is increasingly
used in sensitive domains (e.g., healthcare, finance, drug discovery), privacy–preserving tech-
niques such as Differential Privacy (DP), Federated Learning (FL), secure multi-party compu-
tation (SMC) and related privacy-enhancing technologies (PETs) are gaining traction (Mentzas
et al., 2024; Zhang et al., 2023). Integrating these with XAI, however, introduces new trade-offs:
a recent study shows that applying privacy methods can significantly alter the explanations de-
rived from common attribution methods, making some explanations less reliable (Saifullah et al.,
2024). Third, on robustness, fairness, and distributional/generalization issues: trustworthy ML
increasingly treats robustness to adversarial attacks, distribution shift, and fairness (e.g., bias
mitigation) as co-equal design objectives alongside interpretability and accuracy. For instance,
unified frameworks attempt to reason about model behavior under data shifts or adversarial per-
turbations while preserving interpretability and fairness (Jiang et al., 2023). Empirical studies
also investigate the trade-offs among explainability, fairness, privacy, and robustness: improving
one dimension (e.g., privacy with DP) may degrade others (e.g., fairness or explanation fidelity)
(Kemmerzell and Schreiner, 2024).

Thus, modern “trustworthy ML” frames interpretability, privacy, robustness, and fairness
as co-dependent objectives. While this multidimensional view offers a more holistic path toward
deploying ML in high-stakes domains (like medicine), it also reveals inherent tensions. Navigating
these trade-offs remains a central open challenge. However, as of now, reaching a balance between
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model performance and explainability remains a complex challenge.

Ethical and Security Risks The ethical implications of AI are vast, ranging from bias in
training data to the dual-use nature of its applications, where AI can be implemented for both
beneficial and harmful purposes. Many AI systems are trained on datasets that may uninten-
tionally perpetuate societal biases, leading to discriminatory outcomes. For instance, AI-driven
hiring tools have been shown to reinforce gender and racial disparities when trained on biased
historical data (Hagerty and Rubinov, 2019). The dual-use potential of AI further complicates
its ethical deployment. AI systems developed for beneficial purposes, such as drug discovery,
can be repurposed for harmful activities. A striking example is the use of AI to design toxic
molecules, as demonstrated in a controlled experiment to highlight these risks (Urbina et al.,
2022). Such scenarios underscore the urgent need for clear ethical frameworks and governance
to prevent the misuse of AI.

Data Challenges and Privacy Concerns The quality and availability of data remain criti-
cal bottlenecks for AI development. Noisy, incomplete, or biased datasets can compromise model
performance and lead to unreliable outcomes. In addition to this, the growing reliance on sensi-
tive datasets, such as patient health records or financial data, raises significant privacy concerns
(Murdoch, 2021). Traditional de-identification methods often fall short, especially when com-
bined datasets can inadvertently re-identify individuals. Emerging solutions, such as differential
privacy algorithms and synthetic data generation using generative AI models, offer potential
solutions for secure data sharing. However, these approaches are not without limitations. Creat-
ing synthetic multimodal datasets that preserve privacy while maintaining utility is an ongoing
research challenge (Acosta et al., 2022). Striking a balance between data accessibility and pri-
vacy protection is crucial to fostering collaboration without compromising trust (Aldoseri et al.,
2023).

Systemic and Societal Risks The adoption of AI into different sectors could worsen exist-
ing inequalities. Access to advanced AI tools and infrastructure is often limited to well-funded
institutions or private companies, which creates disparities in research capabilities. This unequal
access could widen the gap between resource-rich and under-resourced regions, thus limiting the
democratization of AI’s benefits. Additionally, as AI becomes more embedded in decision-making
processes, there is a risk of over-reliance on these systems. Automated decision-making can lead
to unintended consequences when human oversight is reduced or when models fail to account for
nuanced, context-specific factors. Ensuring that AI systems are used as tools to support rather
than replace human judgment is essential for ethical deployment (Galaz et al., 2021).

4 Potential Future of AI
AI’s role in science is still evolving, with exciting possibilities on the horizon. We conceptualized
its progression through three phases—Keplerian, Edisonian, and Einsteinian—each reflecting a
deeper integration of AI into scientific progress. These phases illustrate the growing abilities of
AI, from pattern recognition to autonomous experimentation, and ultimately, to a form of Arti-
ficial General Intelligence (AGI) capable of hypothesis generation and foundational innovations.
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The Keplerian Phase: Data-Driven Discovery The Keplerian phase represents the cur-
rent era of AI-driven discovery, where AI serves as an advanced analytical tool for identifying
patterns and relationships in datasets. Inspired by Johannes Kepler, who synthesized Tycho
Brahe’s astronomical observations into universal laws of planetary motion, AI in this phase am-
plifies human intelligence by processing and analyzing massive datasets to uncover insights that
would otherwise remain hidden. Modern examples of Keplerian AI include LLMs like GPT-4 that
leverage transformer-based architectures (Vaswani et al., 2017) to generate coherent language
and summarize scientific findings by predicting the most likely sequence of tokens. Similarly,
AlphaFold trained on Protein Data Bank (wwPDB Consortium, 2019), which predicts protein
structures with remarkable accuracy based on amino acid sequences, thus revolutionizing struc-
tural biology. In astronomy, AI sifts through terabytes of telescope data to detect phenomena like
gravitational waves or identify exoplanets. Climate science benefits from AI-driven weather pre-
diction models that integrate high-dimensional meteorological data and outperform traditional
systems in short-term forecasting. Despite these advances, Keplerian AI systems are fundamen-
tally limited to training on pre-existing datasets and cannot reason beyond observed patterns.
While they significantly amplify our ability to extract knowledge, they remain tools that depend
on human-provided inputs and lack the capacity for independent reasoning.

The Edisonian Phase: Experimental Exploration The Edisonian phase signifies a shift
toward AI systems that actively conduct and optimize experiments, embodying Thomas Edi-
son’s systematic trial-and-error approach to invention. In a recent interview, Richard Sutton, a
leading figure in AI, has emphasized the limitations of current AI systems that rely heavily on
learning from static data. He advocates for dynamic learning, such as reinforcement learning,
which mimics human trial-and-error to refine strategies and solve problems in real time (Sil-
ver and Sutton, 2025). Recent advancements in reinforcement learning, such as Reinforcement
Learning with Fine-Tuning (ReFT) (Trung et al., 2024), have gained popularity and are now
used in conversational models like the latest versions of ChatGPT. These developments mark
the transition from static analysis to dynamic experimentation. In this phase, AI goes beyond
data analysis to become an experimental collaborator. For instance, “self-driving labs” automate
experimental workflows by designing, executing, and analyzing experiments with minimal hu-
man intervention. These systems have been crucial in accelerating the discovery of materials like
high-entropy alloys by iterating through thousands of experimental conditions in a fraction of the
time it would take using traditional methods (Rao et al., 2022). Similarly, virtual laboratories
powered by AI simulate environments that are too costly or hazardous to replicate physically,
such as nuclear fusion reactors or drug development processes. Reinforcement learning enables
these systems to adapt dynamically, refining experimental strategies in real time based on feed-
back. The Edisonian phase demonstrates how AI can extend human ingenuity by reducing the
time, cost, and resources needed for iterative exploration, making it an indispensable partner in
scientific discovery.

The Einsteinian Phase: Foundational Innovation The Einsteinian phase, inspired by
Albert Einstein, envisions a future where AI achieves the capacity for foundational innovation
and the creation of groundbreaking hypotheses. Unlike the Keplerian focus on summarizing
large datasets or the Edisonian emphasis on experimentation, the Einsteinian phase draws from
small anomalies and unexplored phenomena to ask entirely new questions. Einstein’s approach
to discovery often centered on phenomena that others overlooked. For instance, he questioned
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what would happen if he could travel alongside a beam of light, leading to his Special Theory
of Relativity. Through thought experiments such as imagining himself in a falling elevator (the
equivalence principle) or considering a beam of light bouncing between mirrors inside a moving
train to illustrate how time slows down for a fast-moving observer (time dilation), Einstein for-
mulated theories that entirely reshaped our previous understanding of physics and the Universe.
Remarkably, these thought experiments were conducted without any direct experimental data
(Norton, 1991). His predictions, such as the bending of light by the sun observed during the 1919
solar eclipse and the existence of gravitational waves confirmed in 2016, were validated decades
later, highlighting the profound foresight of his theoretical work. In the Einsteinian phase of
AI, systems would move beyond data-driven or experimental learning to engage in abstract rea-
soning and theoretical deduction. As of today, we haven’t seen any AI system can achieve this
level of intelligence. In the future, people envision these AGI systems could integrate knowledge
across multiple fields to propose hypotheses that go beyond current scientific understanding. For
example, these systems might formulate unified theories in physics or generate hypotheses about
the origins of life, relying on minimal data but instead deep logical and mathematical reasoning.

Together, these three phases—Keplerian, Edisonian, and Einsteinian—capture the growing
potential of AI in science. Keplerian AI enhances our ability to analyze data, Edisonian AI
automates and optimizes experimentation, and Einsteinian AI pioneers new theoretical models.
This progression highlights the increasing autonomy of AI systems while raising questions about
the nature of human-AI collaboration in shaping the future of science. As AI transitions from
amplifying human intelligence to becoming a creative collaborator, it promises to redefine the
boundaries of scientific discovery. Whether uncovering hidden patterns, conducting autonomous
experiments, or generating groundbreaking theories, AI holds the potential to lead us all into a
new era of understanding and innovation.

5 Conclusion and Call to Action
AI is revolutionizing science, breaking bottlenecks in knowledge synthesis, experimentation, and
interdisciplinary collaboration (Zhuang et al., 2020). From decoding protein structures to cre-
ating advanced climate models, AI has already demonstrated its great potential across a range
of fields. However, its power comes with challenges, including technical limitations, ethical con-
cerns, and environmental costs. Addressing these challenges is imperative to ensure AI’s positive
and sustainable impact on society.

As AI continues to evolve, its role in science will deepen, not only accelerating progress
but also broadening access to knowledge and tools (Vanschoren, 2023). Yet, this future is not
guaranteed. Realizing AI’s full potential requires responsible development, collective action, and
thoughtful integration into the scientific process. Researchers must prioritize the development
of explainable and energy-efficient AI systems, promote open science practices, and ensure that
ethical considerations remain at the forefront of AI research. By embracing collaboration across
scientific fields and addressing AI’s environmental footprint, we can unlock its ability to tackle
pressing challenges like climate change, global health, and sustainable energy. Beyond research,
educators and institutions must equip the next generation to engage with AI by promoting
curiosity and interdisciplinary skills early on. Schools and policymakers must support this tran-
sition, ensuring equitable access to AI tools and knowledge (Sanusi et al., 2024).

The journey of AI in science mirrors the evolution from Keplerian data analysis to Edisonian
experimentation, and ultimately, to Einsteinian innovation. As we stand at this turning point
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in modern science, it is critical to balance ambition with responsibility. By working together, we
can fully harness AI to redefine the boundaries of discovery and drive forth breakthroughs that
benefit both humanity and our planet.
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