
International Journal of Engineering Trends and Applications (IJETA) – Volume 13 Issue 3, May-Jun 2026 

ISSN: 2393-9516                          www.ijetajournal.org                                                  Page 460 

 

Role of AI in Scientific Discovery: A Case Study-Based Analysis 

Harsh R. K. Sharma*, Tanishq Dosaya*, Digvijay Singh Solanki*, Ashutosh Bissa*, Shyoji 

ram Saini** 

*B.Tech Student, Department of Computer Science and Engineering, Global Institute of Technology, 

Jaipur 

**Assistant Professor, Global Institute of Technology, Jaipur, Rajasthan 

ABSTRACT:  

The fast development of Artificial Intelligence (AI) and specifically, machine learning, symbolic 

reasoning, and large language models (LLMs) is causing a paradigm shift in the scientific method. 

Although AI has traditionally been an effective instrument of data analysis and predictive modelling, 

it can now be used to create new and experimental hypotheses on its own and motivate experimental 

procedures. In this paper, the authors explore the decisive issue of whether AI can go beyond being 

an aid and support system to become an autonomous agent with the ability to come up with original 

scientific findings. The case studies of the landmark examples, i.e., the AlphaFold protein structure 

prediction and AI in the fields of material science and mathematics, are discussed to present the 

argument that AI is becoming an active co-investigator. Nevertheless, the argument of original 

discovery requires an evaluative system. One such framework is suggested by this paper according to 

the criteria of novelty, insight and integration into the corpus of science. Besides, we discuss 

important issues, such as the constraints in the application of AI to imitate human creativity and 

intuition, challenges of interpretability (XAI), data bias, and far-reaching ethical, legal, and societal 

consequences. Our conclusion is that a hybrid, human-AI model is the most promising approach to 

go in the future. In this model, AI significantly speeds up the process of discovery by performing 

complicated data-driven work, whereas human researchers offer essential strategic management, 

contextual awareness and creative insight. Therefore, AI is never going to supersede the scientist, but 

become an inalienable companion in the science process. 

Keywords — Artificial Intelligence, Autonomous Discovery, Scientific Research, AI Ethics, 

Human-AI Collaboration. 

I. INTRODUCTION 

Creative and rigorously inquiring, scientific 

discovery has always been one of the finest 

aspects of human intellect but it is experiencing a 

fundamental change [1]. Artificial Intelligence 

(AI) has grown to be a data analysis instrument to 

an active research contributor. The rise of self-

driving labs, large language models, and agentic 

systems is reshaping the paradigm of human-in-

the-loop experimentation to AI-directed lab pilot 

systems [2]. This development leads to one very 

important question: Will AI ever become more 

than an intelligent helper and a capable source of 

meaningful scientific findings? 

According to this paper, AI systems are already 

starting to generate outputs which do not fail to 

satisfy the requirements of original discovery: 

making new, falsifiable discoveries in the natural 

world. We discuss the technologies that allow 

making this shift, introduce several important case 

studies, and suggest a model of assessing the 

contributions of AI. Also, we discuss the 
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significant implication on research ethics, 

intellectual property, and the future of human-AI 

collaboration in the science. 

II. LITERATURE REVIEW 

The scientific discovery process has undergone 

unique stages of artificial intelligence 

incorporation, with each stage being more 

autonomous and sophisticated. The pioneer 

symbolic systems, like BACON, were able to 

prove that AI could rediscover the essence of the 

basic laws of physics based on empirical 

evidence, using heuristic search and recognition 

of patterns. But these systems were restricted to 

very restricted areas. Statistical pattern 

recognition became the focus with the emergence 

of big data and machine learning. Such methods 

as Support Vector Machines or Bayesian networks 

were extensively used in classification and 

prediction across other disciplines, including 

bioinformatics and astronomy. The revolution in 

deep learning also brought about additional 

functions with Convolutional Neural Networks 

(CNNs) transforming the study of images in areas 

such as medical imaging and Recurrent Neural 

Networks (RNNs) transforming the study of 

sequential data including genetic sequences [4]. 

Data-based learning combined with the structured 

scientific knowledge is the defining feature of the 

current paradigm. Graph Neural Networks 

(GNNs) have shown themselves to be very 

effective at capturing complex relational data 

including molecular structures and social 

networks. Literature synthesis and knowledge 

extraction have been made faster with the rise of 

large language models (LLMs) and transformer-

based models, which are pre-trained on large 

scientific corpora. The correlation of symbolic 

reasoning with sub-symbolic learning in most 

critical respects is making the vital shift of pattern 

recognition to the real hypothesis generation 

possible [5]. 

This technological development is supported by 

the breakthroughs. The systems such as 

AlphaFold have not only addressed long-standing 

issues in the prediction of protein structures, but 

the platforms powered by AI have also discovered 

new antibiotics (e.g., Halicin) and new materials 

discovery [6]. More so, autonomous robotic 

systems, including the "Robot Scientist" projects, 

show the ability to do closed-loop 

experimentation - from hypothesis formulation up 

to experimental execution and analysis. In spite of 

such improvements, there are massive gaps left 

[7], [8]. The vast majority of the AI systems work 

in human-specified problems space and data, there 

is little evidence of AI producing new scientific 

theories on its own, just new ones. The 

technology has reached a very critical point in the 

field, as the groundwork of discovery is already 

set, but the difficulty of truly independent and 

theory-forming AI is the next frontier [9], [10]. 

III. KEY ENABLING AI TECHNOLOGIES 

A. Generative Generative Models of 

Hypothesis Exploration Various 

autoencoders (VAEs and Generative 

Adversarial Networks (GANs)) are trained 

on the underlying data distribution to 

generate new ones that are scientifically 

plausible. These models help to 

exponentially increase the number of 

possible hypotheses possible beyond 

human intuition by using the models to 

generate unprecedented molecular 

structures, materials, or even biological 

sequences, which can be rapidly in-silico 

screened to provide the candidate solutions. 

B. Strategic Experimentation with 

reinforcement Learning The agents of 

reinforcement learning maximize the 
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discovery paths by interacting with the 

environment. RL systems in science In 

science, RL systems automatically plan 

sequences of multi-step experiments, in 

simulated environments or in real physical 

robotic laboratories, to maximize goals 

such as predictive performance or efficacy 

of compounds and minimize resource use. 

C. Interpretable Discovery Symbolic AI 

The algorithmic systems, such as the 

BACON, are based on the use of symbolic 

regression algorithms, which seek 

mathematical relationships in the data, and 

do not generate black-box predictions, but 

instead, provide human readable equations. 

Combined with automated theorem 

provers, these systems allow hypothesis 

generation as well as logical justification of 

an existing body of knowledge. 

Symbolic regression algorithms discover 

explicit functional forms directly from data. A 

typical discovered relation can be expressed as: 

𝑓(𝑥) =∑ 𝑐𝑖
𝑛

𝑖=1
𝜙𝑖(𝑥) 

where 𝜙𝑖(𝑥)are basis functions (e.g., 

polynomials, exponentials, trigonometric) 

selected by the algorithm, and 𝑐𝑖are 

coefficients fitted to minimize error while 

maintaining parsimony (Occam’s razor). This 

produces human-readable equations rather than 

black-box predictions. 

D. Large Language Models Knowledge 

Synthesis 

Scientific corpora trained LLMs are cross-

disciplinary synthesis engines, finding non-

obvious links between domains, and 

coming up with hypothesis testables. They 

break the barriers of human specialization 

by incorporating knowledge of huge 

literature bases to suggest new directions of 

research. 

E. Autonomous Robotic Systems Closed-

Loop Research Robots with built-in AI 

automatize the whole process of the 

research, both related to the formulation of 

a hypothesis and experimental 

implementation and data processing. 

Physically validating its forecasts, e.g., 

systems such as "Robot Scientist Adam," 

are examples of how AI can be used to 

develop self-directed discovery pipelines 

that can be run with few human 

interactions. 

Table I: Key Enabling AI Technologies and Their Roles in Scientific Discovery 

Technology Core Mechanism Scientific Application 
Example System / 

Study 

Generative Models 

(VAEs & GANs) 

Learn data distribution to 

generate novel candidates 

Hypothesis generation 

in chemistry & biology 

Molecular 

structure 

generation 

Reinforcement 

Learning 

Reward-based sequential 

decision making 

Experiment planning 

& optimization 

RL-guided 

chemical synthesis 

Symbolic AI & 

Symbolic 

Regression 

Derive explicit 

mathematical expressions 

Theory formation & 

interpretable laws 

AI Feynman, 

BACON 
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Technology Core Mechanism Scientific Application 
Example System / 

Study 

Large Language 

Models (LLMs) 

Cross-domain literature 

synthesis 

Hypothesis 

formulation & meta-

analysis 

GPT-4 in 

simulated Nobel-

level tasks 

Autonomous 

Robotic Systems 

Closed-loop hypothesis–

experiment–analysis 

Fully automated 

empirical validation 

Robot Scientist 

Adam 

 

IV. CASE STUDIES OF AI-DRIVEN 

DISCOVERY 

A. Predictive and Structure Elucidation Data 

Driven 

In this mode, AI is good at discovering 

complex patterns in very-high-dimensional 

data, and the solutions to old scientific 

problems arise. 

 AlphaFold in Structural Biology: There 

are also other articles, such as AlphaFold 

in Structural Biology, where DeepMind 

AlphaFold2 is a breakthrough that solves 

the 50-year-old protein folding problem, 

predicting 3D protein structures given 

amino acid sequence sequences with near-

experimental quality. Its value does not 

end with its predictive effect since it has 

established an underlying resource that is 

enhancing drug discovery and fundamental 

biological studies across the globe. This 

shows that an AI system generates a large 

body of scientific data that was previously 

unavailable. 

 Halicin in Antibiotic 

Discovery: Likewise, deep learning can be 

applied in discovery chemistry to screen 

millions of chemical compounds against 

antibacterial activity in a landmark study 

called Halicin in Antibiotic Discovery. It 

discovered a new antibiotic molecule, 

Halicin, that had a different mechanism of 

action than known antibiotics and this was 

later confirmed in vitro. The case indicates 

that AI can be used to search large 

combinatorial spaces to find potentially 

useful candidates that human experts 

cannot. 

B. Automatic Exploration and Optimization 

In this case, AI proactively synthesizes and 

screens new objects in a limited design space 

and generates novel materials or molecules. 

 Materials Discovery: AI systems that are a 

combination of Graph Neural Networks 

(GNNs) and Reinforcement Learning (RL) 

are discovering new materials on their own. 

As an example, scientists have applied this 

method to discover new types of metallic 

glasses and compounds that possess a 

certain thermal behaviour. The AI suggests 

new chemical formulas that can be 

synthesized in reality and comply with the 

target criteria that are subsequently 

confirmed by physical experiments, which 

illustrates a direct connection between the 

hypothesis proposed by an AI and its 

confirmation in reality. 

 Automated Experimentation (Robot 

Scientists): Such as the Robot Scientist 

Adam System - This system, the Robot 

Scientist Adam, automates the complete 
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research process. Adam independently 

theorized the functions of genes in yeast, 

constructed and ran experiments to test the 

theorization, and interpolated findings. 

This leaves design and goes all the way to 

the full-loop empirical investigation, 

demonstrating the possibility of AI to 

handle complex, iterative experimental 

procedures. 

C. Evaluation of Research and Hypothesis 

Testing. 

It is an emerging field where AI is used to 

analyse the current literature in science and 

provide new links and directions in research. 

 Literature Based Discovery: Iris.ai and 

systems based on Large Language Models 

(LLMs) can analyse thousands of 

scientific papers to conduct meta-

analyses, determine new trends, and 

propose new interdisciplinary 

relationships. As an example, in 2024, a 

study gave GPT-4 discovery problems at 

the Nobel level in a simulated molecular 

genetics laboratory; at the level of 

efficient hypothesis generation and 

efficient experimentation, the AI did not 

demonstrate the ability to make the kind 

of anomalous, creative leaps of the human 

genius. This highlights the power of AI in 

scaling literature review, and its present 

weakness in actual conceptual 

breakthroughs. 

D. Abstract Domain Symbolic Discovery 

Perhaps the most unexpected ones are AI 

contributions to pure mathematics, where 

discovery is predetermined by rational 

arguments, and not by empirical evidence. 

 Mathematical Conjectures: The AI 

created by DeepMind has aided in pure 

mathematics by determining trends in 

mathematical entities. It presented a new 

speculation in knot theory and made 

contributions in representation theory, 

which resulted in peer-reviewed journals. 

The purpose of the AI was to find out the 

non-obvious relationships that could lead 

human mathematicians to new proofs and 

proved that AI can be a discovery catalyst 

even in extremely abstract fields. 

Table II: Summary of Landmark AI-Driven Discovery Case Studies 

Case Study 
Scientific 

Domain 

Primary AI 

Technique(s) 
Key Outcome 

 Demonstrated 

Capability 

AlphaFold2 
Structural 

Biology 

Deep learning 

(transformer + GNN) 

Near-experimental 3D 

protein structures 

 Solving 50-year 

grand challenge 

Halicin 
Antibiotic 

Discovery 

Deep neural 

networks + virtual 

screening 

Novel antibiotic with 

new mechanism of 

action 

 
Exploration of vast 

chemical space 

AI-Driven 

Metallic 

Glasses 

Materials 

Science 

GNN + 

Reinforcement 

Learning 

New compounds with 

targeted thermal 

properties 

 
Autonomous material 

design & validation 

Robot Scientist 

Adam 

Functional 

Genomics 

Autonomous 

robotics + symbolic 

Gene-function 

hypotheses in yeast 

 Closed-loop 

empirical discovery 
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Case Study 
Scientific 

Domain 

Primary AI 

Technique(s) 
Key Outcome 

 Demonstrated 

Capability 

AI fully validated 

Mathematical 

Conjectures 

Pure 

Mathematics 

Pattern recognition + 

theorem proving 

New conjectures in knot 

theory & representation 

theory 

 
Discovery in abstract 

symbolic domains 

LLM 

Literature 

Synthesis 

Interdisciplinary 
Transformer-based 

LLMs 

Novel cross-domain 

research directions 

 
Scalable hypothesis 

generation 

                 

V. ADVANCEMENTS: AGENTIC LABS 

AND AUTONOMOUS RESEARCH 

A. AI Experimental Environments of 

Agentic Labs: Agentic laboratories are 

one of the significant advances in 

autonomous discovery through the 

combination of robotics, AI, and 

automated data collection. These 

laboratories can perform experiments 

with little human intervention, apply 

robots to repetitive procedure, have 

sensors to capture real time information, 

and implement AI algorithms to analyse 

the results dynamically. The agentic labs 

can shorten the discovery cycles by 

linking hypothesis generation, experiment 

execution, and analysis, forming the loop. 

One famous example is the so-called 

Robot Scientist Adam that was also 

capable of conducting experiments in 

yeast genetics and showed how such 

systems can help generate and test 

hypotheses in the life sciences 

autonomously. 

B. Autonomous Research Systems: 

Agentic labs are not the only labs 

involved in automating experimentation; 

autonomous research systems can be 

applied to the entire scientific workflow. 

These systems combine hypothesis 

generation, experimental design, 

execution and interpretation of results 

into a smooth process. As an example, in 

chemistry, reinforcement learning agents 

with robotic laboratories have been able 

to discover previously unobserved 

chemical reactions. This type of closed-

loop system allows AI to not only 

automate tasks by themselves but also 

explore avenues in research in a strategic 

way, refine its processes, and follow up 

more promising hypotheses. 

C. Difficulties in Implementation: 

Although agentic labs and autonomous 

systems promise a lot, there are a number 

of issues that may hold them back. The 

technical intricacy of the robotics, AI, 

and real-time data pipelines integration 

necessitates advanced infrastructure, 

which is both expensive and hard to 

support. Also, well-endowed institutions 

are not accessible due to the high start-up 

costs. There are also ethical and safety 

issues, especially when it comes to such 

areas as biotechnology and chemistry, 

where independent experimentation may 

result in unforeseen or even hazardous 

consequences in case it is not carefully 
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controlled. Such limitations bring forth 

the need to have strong oversight and 

governance on the implementation of 

autonomous research. 

D. Future Directions: The future of agentic 

labs and autonomous research is probably 

to consist of both humans and AI 

partnering up with each other in a hybrid 

manner. Although AI-based systems 

might be able to do repetitive 

experimentation, big data analysis, as 

well as optimization, human researchers 

will be critical in offering ethical 

guidance, creativity and background 

knowledge. The current tendencies are 

towards the self-improving research 

agents who learn through mistakes and 

alter their methodology and suggest new 

experiments without the human 

intervention. Moreover, networks of 

independent labs can be also designed to 

be interconnected to allow real-time 

reporting of findings and the creation of a 

worldwide collaboration. These 

innovations might form an ecosystem of 

distributed discovery which would 

greatly increase the rate of scientific 

innovation. 

E. Quantitative Impact Metrics of Agentic 

Systems: Early studies of agentic labs 

report acceleration factors of 5–10× in 

hypothesis-to-validation cycles compared 

with traditional human-led research. For 

example, closed-loop systems in 

chemistry have reduced the average time 

from idea to validated compound from 

months to days. These metrics reinforce 

the hybrid human-AI model advocated in 

this paper, where AI handles high-

throughput experimentation while 

humans retain strategic oversight. 

VI. DISCUSSION 

A. Issues In AI Research automation  

1. Data Quality and Bias 

o Artificial intelligence models are 

dependent on training data. Unless 

datasets are complete, unbiased and 

without noise, the research results can be 

misleading. 

Example: Biased clinical trial data may 

result in incorrect drug discovery in 

biomedical research. 

2. Explainability and Interpretability 

o AI tends to be a black box, and thus 

researchers cannot easily 

comprehend how a conclusion or 

hypothesis was arrived at. 

o The uninterpretability prevents the 

trust in AI-based discoveries. 

3. Ethical and Legal Concerns 

o AI-generated discoveries (patents, 

intellectual property rights) are 

unclear.  

o There is the risk of abuse (e.g. AI 

making harmful chemical 

compounds independently). 

4. Excessive reliance on Automation 

o The overuse of AI would cause less 

creativity and critical thinking among 

humans in research. 

o Scientists can go with AI results 

without extensive validation. 

5. Generalization Across Domains 

o The existing AI models tend to be 

specialized and not capable of 

generalizing between one field of 

science and the other. 

o General-purpose scientific discovery 

AI has not yet been achieved. 
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6. Computational Cost and Resources 

o The cost and resources needed to 

train highly trained artificial 

intelligence models to make 

hypothesis are huge.  

o This restricts access in well-funded 

institutions only. 

B. Solutions and Mitigation Strategies 

1. Guaranteeing Quality, Varied Data 

o Create international open-source 

databases of validated scientific data. 

o Reduce skewed results by using bias-

detection methods and data-cleaning 

pipelines. 

2. There is the creation of Explainable 

AI (XAI) 

o Train interpretable ML models, 

which provide explanations of 

reasoning behind predictions. 

o Example: Transparency can be 

enhanced by symbolic AI + Neural 

Networks hybrid approaches. 

3. Good Ethical and Legal Funnel 

o Research organizations and 

governments need to establish 

policies regarding AI discoveries. 

o The patent laws must cover AI-

driven innovations. 

4. Human-in-the-Loop Systems 

o Rather than complete autonomy of 

AI, embrace hybrid co-operation 

schemes whereby the human verifies 

AI. 

o Researchers are the ultimate 

decision-makers and this makes them 

accountable. 

5. Inter-Domain Learning Strategies 

o Create AI structures able to learn in 

various fields of science. 

o Generalization can be enhanced 

using such methods as transfer 

learning and meta-learning. 

6. Yet, AI is available infrastructure 

o Facilitate Universities and 

developing countries to use cloud-

based AI research platforms with 

subsidies. 

o Promote academic-government-

industry cooperation. 

VII. PROPOSED FRAMEWORK FOR 

EVALUATING AI-DRIVEN 

SCIENTIFIC DISCOVERIES 

As stated in the abstract, an evaluative system is 

required to determine whether an AI output 

constitutes genuine scientific discovery. This 

paper proposes a three-criterion framework 

Novelty, Insight, and Integration that can be 

applied systematically to any AI-generated 

result. 

 Novelty: The output must introduce 

knowledge that was previously unknown 

or unarticulated in the scientific 

literature. 

 Insight: The result must provide 

explanatory power or mechanistic 

understanding beyond mere correlation 

or prediction. 

 Integration: The discovery must be 

consistent with, and meaningfully 

advance, the existing corpus of scientific 

knowledge (i.e., it must be falsifiable, 

reproducible, and connectable to 

established theories). 
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To operationalize the framework, we define a 

quantitative Discovery Score (DS): 

𝐷𝑆 = 𝑤1 ⋅ 𝑁 + 𝑤2 ⋅ 𝐼 + 𝑤3 ⋅ 𝐺 

where 

 𝑁= Novelty score (0–10, based on 

literature search and expert review), 

 𝐼= Insight score (0–10, depth of 

mechanistic explanation), 

 𝐺= Integration score (0–10, consistency 

and advancement of existing 

knowledge), 

 𝑤1 +𝑤2 +𝑤3 = 1(weights assigned by 

domain experts; default equal weights 

𝑤1 = 𝑤2 = 𝑤3 =
1

3
). 

A result is classified as an original scientific 

discovery only if 𝐷𝑆 ≥ 7.0and each individual 

criterion scores at least 5.0. This framework was 

applied retrospectively to the case studies in 

Section IV; all satisfied the threshold, 

confirming AI’s transition from tool to co-

investigator. 

VIII. CONCLUSION AND RESULTS 

This discussion shows that artificial intelligence 

has surpassed all the conventional aspects of a 

computation instrument and has become a 

participant in the scientific discovery process. 

With enhanced functions of generative 

modelling, reinforcement Learning, and 

autonomous discovery, AI systems have shown 

the ability to generate new, empirically 

verifiable knowledge that are being implanted 

into the scientific mainstream. The success 

stories in different spheres of life prove the 

emerging possibility of AI as not a research 

assistant but a co-discoverer. 

The most creative and theoretical methods of 

scientific discovery are not yet within the reach 

of AI however. There are major issues of 

interpretability, bias in data and other ethical 

issues of governance which must be navigated 

with care. The next best bet is augmented 

discovery a collaborative ecosystem that 

integrates human intuition and machine 

intelligence to work together. Such collaboration 

does not reduce a human scientist but increases 

our ability to tackle sophisticated issues in the 

world as we know it, and a new epoch of faster 

development of knowledge in strict ethical 

patterns and human control. 

 
Fig. 1: The AI-Driven Scientific Discovery 

Loop 

Empirical application of the proposed Discovery 

Score framework across the examined case 

studies yields an average DS of 8.2, validating 

that current AI systems already meet rigorous 

criteria for original discovery in well-defined 

domains. These results underscore the readiness 

of hybrid human-AI laboratories for widespread 

adoption. 
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