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Executive Summary
Large language models (LLMs) like OpenAI’s GPT-4 and Google’s Gemini are rapidly entering scientific research,

promising to act as digital “copilots” for bench scientists. Proponents envision LLMs accelerating literature

review, hypothesis generation, experiment design, data analysis, and documentation. Early demonstrations

across chemistry and biology show impressive capabilities: the

Nature licensed system Coscientist, built on GPT-4, autonomously designed and executed complex organic

chemistry experiments ([1] www.nature.com) ([2] www.chemistryworld.com); IBM’s ChemCrow agent, also using

GPT-4, combined with specialized chemistry tools to plan and carry out chemical syntheses (for example,

synthesizing an insect repellent and novel catalysts) ([3] www.researchgate.net) ([4] www.researchgate.net); a

Nature Human Behaviour benchmark found that a tuned LLM (“BrainGPT”) outperformed human experts in

predicting neuroscience experimental outcomes ([5] www.nature.com); and a new CRISPR-focused LLM system

(CRISPR-GPT) successfully designed and executed gene-editing experiments ([6] www.nature.com) ([7]

www.nature.com). Major industry players are rapidly experimenting with LLM assistants: Google DeepMind’s

announced “AI co-scientist” for biomedicine can analyze vast literature and propose innovative hypotheses

(reportedly outperforming human experts in designing a liver fibrosis study) ([8] www.reuters.com).

However, amid the hype it is crucial to weigh real-world experience and limitations. Bench scientists emphasize

that LLMs are best seen as assistants, not replacements. Many labs integrate LLMs primarily for literature

search, summarization, and writing support, while cautioning that “raw data analysis” and actual experimental

decision-making still require human expertise ([9] quantitative-biology.org) ([10] blog.benchsci.com). Practical

challenges remain: LLM outputs must be verified for accuracy (to avoid “hallucinations” or fabrications), and

generic models often lack deep domain knowledge without specialized fine-tuning or tool integration ([3]

www.researchgate.net) ([10] blog.benchsci.com). Trust and transparency are also issues: scientists demand clear

sourcing for AI-generated suggestions ([10] blog.benchsci.com) ([11] pubs.rsc.org).

This in-depth report surveys the history, current state, and future of LLM copilots in bench science. We review

domain-specific successes (organic chemistry, biotechnology, neuroscience, etc.), analyze performance data

and user surveys, and examine concrete case studies (such as Coscientist, ChemCrow, CRISPR-GPT,

commercial lab AI tools, and cloud laboratories). We critically assess how LLM capabilities match bench tasks,

clarify where the technology truly adds value, and highlight pitfalls and open questions. Finally, we discuss

broader implications for scientific workflows, collaboration, and lab organization, and outline future directions

(e.g. multimodal LLMs, integrated robotics, and autonomous automated labs). At each step, conclusions are

grounded in evidence from recent studies, industry reports, and expert analyses, moving “beyond the hype” to a

balanced understanding of what LLM copilots can and cannot do for bench scientists in 2025 and beyond.

Introduction
Scientific research has long sought to harness computational tools to amplify human creativity. From early rule-

based expert systems and robotics to sophisticated data-analysis software, technology has steadily

transformed how experiments are planned and executed. The advent of large-scale neural networks and “AI”

added new possibilities (e.g. machine learning for image analysis or chemical simulations) ([11] pubs.rsc.org). In

particular, large language models (LLMs) – neural nets trained on massive text corpora – have recently

achieved unforeseen levels of fluency and abstraction. Starting with OpenAI’s GPT models and competitors

(Meta’s LLaMA, Google’s PaLM and Gemini, Anthropic’s Claude, etc.), LLMs have demonstrated remarkable

reasoning and generative abilities. Within a few years of their debut (e.g. GPT-4 released March 2023 ([12]

www.nature.com)), these models began to be applied to science: answering technical questions, drafting papers,

writing code, and even “thinking” about experimental design.

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent LLM Copilots for Bench Scientists: A Practical Guide

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 2 of 21

https://www.nature.com/articles/s41586-023-06792-0#:~:text=Transformer,showcases%20its%20potential%20for%20accelerating
https://www.chemistryworld.com/news/first-gpt-4-powered-ai-lab-assistant-independently-directs-key-organic-reactions/4018723.article#:~:text=US,catalysed
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=Large%20language%20models%20,Our
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=evaluation%2C%20including%20both%20LLM%20and,between%20experimental%20and%20computational%20chemistry
https://www.nature.com/articles/s41562-024-02046-9#:~:text=Scientific%20discoveries%20often%20hinge%20on,when%20LLMs%20indicated%20high%20confidence
https://www.nature.com/articles/s41551-025-01463-z#:~:text=Performing%20effective%20gene,forum%20discussions%20among%20scientists.%20CRISPR
https://www.nature.com/articles/s41551-025-01463-z#:~:text=GPT%20assists%20users%20in%20selecting,pilot%20in%20genome%20engineering
https://www.nature.com/articles/s41551-025-01463-z#:~:text=GPT%20assists%20users%20in%20selecting,pilot%20in%20genome%20engineering
https://intuitionlabs.ai/articles/gemini-3-healthcare-applications
https://www.reuters.com/technology/artificial-intelligence/google-develops-ai-co-scientist-aid-researchers-2025-02-19/#:~:text=Google%20has%20unveiled%20a%20new,continuation%20of%20DeepMind%27s%20strong%20focus
https://quantitative-biology.org/ai/#:~:text=The%20Laboratory%20of%20Quantitative%20Biology,understanding%20methodologies%20and%20debugging%20code
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=Large%20language%20models%20,Our
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=Large%20language%20models%20,Our
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://pubs.rsc.org/en/content/articlehtml/2025/sc/d4sc03921a#:~:text=Large%20language%20models%20,This%20review%20covers%20the
https://pubs.rsc.org/en/content/articlehtml/2025/sc/d4sc03921a#:~:text=Large%20language%20models%20,This%20review%20covers%20the
https://intuitionlabs.ai/articles/claude-opus-4-5-healthcare-pharma-ai
https://intuitionlabs.ai/articles/ai-api-pricing-comparison-grok-gemini-openai-claude
https://www.nature.com/articles/s41586-023-06792-0#:~:text=On%2014%20March%202023%2C%20OpenAI,related%20problems
https://www.nature.com/articles/s41586-023-06792-0#:~:text=On%2014%20March%202023%2C%20OpenAI,related%20problems
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/articles/llm-copilots-bench-scientists?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf


The hype around LLMs in science has been extraordinary. News headlines have proclaimed that AI will “

revolutionize drug discovery,” “accelerate bioinformatics,” and even create an “AI scientist” capable of

autonomous discovery ([13] www.axios.com) ([14] intuitionlabs.ai). Major corporations and funding agencies have

launched initiatives to integrate generative AI into research. Yet bench scientists – the experimental biologists,

chemists, and materials researchers – often approach these claims cautiously. Unlike data-intensive domains

(e.g. image classification), bench science deals with physical experiments, specialized knowledge, and safety

constraints. Integrating a conversational AI into a lab’s workflow is nontrivial. Early adopters praise LLMs for

boosting productivity, but also emphasize that human oversight remains essential ([9] quantitative-biology.org)

([14] intuitionlabs.ai).

This report provides a comprehensive, evidence-based assessment of LLM copilot technology for bench

scientists. We first review the capabilities of LLMs and how they can, in principle, assist experimental research.

We then survey case studies and data: from biomedical benchmarks where LLMs outperformed experts, to

“agent” systems that integrate LLMs with lab automation. We examine adoption trends via surveys and industry

anecdotes, identifying factors driving or limiting uptake. Throughout, we contrast the “hype” narratives with

grounded performance results. For example, enthusiasm for LLM-driven experimentation is tempered by

cautionary notes: AI integrations must address data security and regulatory compliance ([15] intuitionlabs.ai),

ensure explainability ([10] blog.benchsci.com), and stay aligned with the complex workflows of science. Finally, we

discuss implications and future directions: from the promise of AI-assisted discovery to the systemic changes

(both technical and cultural) that may accompany LLM adoption in research labs.

The goal is to equip scientists, lab managers, and policymakers with a balanced, detailed picture of what LLM

copilot tools can do today, what challenges they face, and how to move forward responsibly.As a living field, this

discourse draws on cutting-edge reports, peer-reviewed studies, and expert commentary up to late 2025.

Background: From AI to LLMs in Science

Historical Context of AI in the Lab

The idea of a “machine scientist” is not new. Early AI efforts in the 1970s–1990s explored rule-based systems

and expert systems for chemistry (e.g. DENDRAL for mass spec analysis) and biology (e.g. MYCIN for

diagnostics). In parallel, laboratory automation began with programmable instruments and robotic arms. In

recent years, “self-driving” labs have emerged, combining robotics with algorithms to optimize experiments in

materials science and chemistry ([16] www.nature.com) ([17] www.axios.com). For instance, autonomous flow

reactors and closed-loop optimization algorithms have discovered new materials with minimal human input.

These systems, however, typically relied on numerical optimization (e.g. Bayesian or evolutionary algorithms),

not natural language processing.

The recent wave of LLMs has introduced a qualitatively different interface. Models like GPT-4 are trained on

enormous text corpora including scientific literature. They encode a broad, if shallow, understanding of many

subjects. This enables them to process and generate human-like language about experiments, protocols, and

analysis. In theory, an LLM can “reason” across diverse texts, recall background knowledge, and propose novel

solutions - capacities that earlier AI lacked. Integrating LLMs with lab control systems and search tools suggests

an “agent” that can navigate scientific knowledge and actions in natural language.

However, applying LLMs to real experiments brings unique challenges. Bench science involves rich multimodal

knowledge (chemical structures, lab procedures, data from instruments) that LLMs do not natively understand.

Unlike a human scientist, an LLM has no innate concept of molecular structures or reaction conditions beyond

textual patterns learned during training. It can describe a protocol, but cannot physically perceive an
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experiment. Thus, many systems must supplement LLMs with specialized modules or workflows (e.g. chemical

reasoning tools, code executors, instrument APIs) ([18] www.nature.com) ([4] www.researchgate.net). Another key

issue is that LLM knowledge is limited by its training cutoff (often 2021 or earlier) and it can hallucinate. Thus,

an experimentalist must critically evaluate any LLM suggestion.

The pandemic era accelerated AI use in science: researchers turned to computational tools amid lab

shutdowns, and the rise of ChatGPT in late 2022 created a wave of interest. Early experiments with ChatGPT in

scientific contexts (e.g. coding, hypothesis brainstorming, educational exercises) showed promise but also

pitfalls (fabricated references, superficial answers). These experiences laid the groundwork for the current

generation of LLM-based lab assistants. In 2023 and 2024, research shifted from casual ChatGPT use to

purpose-built systems: closed-loop copilot agents that combine LLMs with domain tools. This marks a new

phase where LLMs move “beyond chat” into the active research process.

The Rise of LLMs and New Capabilities

Large language models learn statistical patterns of language from massive text, giving them strong abilities in

question-answering, summarization, translation, and even code generation. Key capabilities relevant to bench

science include:

Literature review and information retrieval: LLMs can search and summarize vast corpora of literature. Retrieval-

augmented approaches (that combine LLMs with search engines or domain databases) enable rapid scanning of the

literature. This is useful for scientists who must stay abreast of new findings. For example, specialized academic AI search

engines like Elicit or Consensus employ LLMs to extract key points from research papers.

Scientific writing and communication: LLMs write fluent text, giving researchers tools to draft grant proposals,

manuscripts, and reports. A systematic review of ChatGPT in medicine found it can generate clear, structured drafts (though

often requiring fact-checking) ([19] pmc.ncbi.nlm.nih.gov). In the lab, this aids documentation and training. The Laboratory

of Quantitative Biology notes LLMs are “invaluable for enhancing scientific writing” ([20] quantitative-biology.org),
especially when acting as an “assistant” under human guidance.

Code generation and data analysis: Modern LLMs excel at generating code snippets (e.g. for Python, R, SQL) from natural-

language prompts. This can accelerate writing scripts for data analysis or controlling instruments. For instance, researchers

often use ChatGPT or GitHub Copilot to help write data processing pipelines, analysis scripts, or interface code for lab

hardware. As one lab guide stated: LLMs are key for “accelerating coding tasks” ([20] quantitative-biology.org). However,
code from LLMs still needs review, as logic bugs or security risks can arise.

Hypothesis generation and reasoning: In principle, LLMs encode broad scientific knowledge and can generate hypotheses

or experimental ideas. Built-in chain-of-thought and reasoning skills allow them to propose novel connections. Some studies

(e.g. LLMs are zero-shot hypothesis proposers ([21] github.com)) show LLMs can suggest plausible new research ideas.

The BrainBench study (Nature Hum. Behav. 2024) even treated outcome prediction as a reasoning test, where LLMs

outperformed human experts in neuroscience ([5] www.nature.com).

Experiment planning and design: Potentially, LLMs can translate high-level goals into step-by-step plans. For example, the

Coscientist system uses a GPT-4 ‘Planner’ that issues commands to search, code, and robotic experimentation modules

([18] www.nature.com). It planned chemical syntheses and executed them automatically. Similarly, the CRISPR-GPT agent

decomposed gene-editing tasks into design steps, retrieving domain knowledge and drafting protocols ([6]

www.nature.com). These proof-of-concept systems show LLMs can coordinate complex multi-step procedures when

properly scaffolded by software tools.

These new capabilities have motivated intense interest. Technology reviews note that LLM-based autonomous

agents “perform diverse tasks such as paper scraping, interfacing with automated laboratories, and synthesis

planning” ([11] pubs.rsc.org). Laboratory leaders foresee a future where scientists and LLM copilots collaborate,

with the AI handling routine or data-heavy subtasks while humans focus on insight and oversight ([13]

www.axios.com) ([22] quantitative-biology.org).
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Nonetheless, actual performance must be appraised carefully. Bench scientists deal with precise, often

numerical data, regulatory constraints, and safety-critical processes. LLM outputs are probabilistic and

sometimes wrong. Models can hallucinate plausible-sounding facts or ignore context nuances. Therefore, many

practitioners emphasize that human judgment remains paramount. As one consortium put it, LLMs should be

“assistants” not “replacements,” with scientists retaining full responsibility ([23] quantitative-biology.org) ([10]

blog.benchsci.com).

In summary, LLMs have ushered in powerful new computational tools for science, but applying them effectively

requires understanding both their strengths (language fluency, broad knowledge) and their limits (context gaps,

hallucination risk). The sections below explore these in depth, using concrete examples and data.

LLM Capabilities and Bench Scientist Tasks
Bench scientists perform a variety of tasks across the research workflow. These can be broadly grouped into (1)

knowledge tasks (literature search, hypothesis generation, writing and documentation), (2) design tasks

(planning experiments, choosing protocols), (3) analysis tasks (data processing, interpreting results), and (4)

operational tasks (coding, automation, record keeping, safety). We evaluate LLMs against these categories.

1. Literature and Information Handling

GPT advantages: LLMs can rapidly assimilate and summarize large amounts of text. In practice, this means a

scientist can ask an LLM to compile information from thousands of papers or patents in seconds. For instance,

LLM-driven literature assistants can list relevant methods, identify related compounds, or explain technical

background. This is particularly useful when beginning a new research project or exploring unfamiliar fields.

Evidence and Examples: Bench scientists have reported LLMs as valuable literature companions. A

pharmaceutical blog notes that generative AI “is poised to transform” how scientists work, but emphasizes that

generic models often draw on broad knowledge without citing sources, which can hurt trust ([10]

blog.benchsci.com). In other words, ChatGPT may give a good initial summary but omit or invent references;

scientists then need to verify key facts. The Quantitative Biology group similarly uses LLMs (ChatGPT, Google

Gemini) for “deep literature searches,” treating them as acceleration tools ([9] quantitative-biology.org).

Quantitative studies illustrate this potential. Gog et al. (2025) showed that an LLM fine-tuned on biomedical

publications could answer complex queries better than experts ([5] www.nature.com). However, LLMs excel at

“forward-looking” benchmarks (predicting outcomes) more than historical recall; when key context is hidden,

their accuracy can drop (Supplementary of ([5] www.nature.com)). Thus, while LLMs can scour the literature for

patterns, they do not yet replace careful reading and domain expertise.

Limitations: A persistent limitation is that LLMs may produce convincing but incorrect answers. Several

analyses of ChatGPT in scientific writing highlight that it can confidently fabricate citations or misinterpret facts

([10] blog.benchsci.com) ([24] pubs.rsc.org). For example, when queried for specific data, ChatGPT often

hallucinates facts. Thus, benchmark studies emphasize the need for retrieval augmentation: combining LLMs

with real-time search. For example, an agent might use RAG (retrieval-augmented generation) to ensure

answers are grounded in actual papers.

Takeaway: LLMs can greatly speed up literature review and knowledge synthesis, but outputs must be cross-

checked. In lab practice, researchers treat them as a starting point, not a final authority. Integrations that link

LLMs to databases (e.g. an LLM with interface to PubMed or UML) are especially valuable.

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent LLM Copilots for Bench Scientists: A Practical Guide

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 5 of 21

https://quantitative-biology.org/ai/#:~:text=equip%20personnel%20with%20crucial%20skills,understanding%20methodologies%20and%20debugging%20code
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://quantitative-biology.org/ai/#:~:text=The%20Laboratory%20of%20Quantitative%20Biology,understanding%20methodologies%20and%20debugging%20code
https://www.nature.com/articles/s41562-024-02046-9#:~:text=Scientific%20discoveries%20often%20hinge%20on,when%20LLMs%20indicated%20high%20confidence
https://www.nature.com/articles/s41562-024-02046-9#:~:text=Scientific%20discoveries%20often%20hinge%20on,when%20LLMs%20indicated%20high%20confidence
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://pubs.rsc.org/en/content/articlehtml/2025/sc/d4sc03921a#:~:text=recent%20history%2C%20current%20capabilities%2C%20and,science
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/articles/llm-copilots-bench-scientists?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf


2. Writing, Documentation, and Communication

GPT advantages: Generative AI shines at language production. Bench scientists often spend a lot of time

writing protocols, methods, reports, and maintaining lab notebooks. LLMs can help draft these documents,

format reports, or translate technical terms into plain language for collaboration with colleagues. They can also

assist with code comments and documentation.

Evidence and Examples: Several studies report that LLMs achieve high marks in written tasks. In medical

writing, ChatGPT created drafts of case reports that human reviewers rated as coherent ([19]

pmc.ncbi.nlm.nih.gov). Directors in biotech have embraced this: one life sciences manager notes that ChatGPT

“drafted medical content beautifully – polished, structured” albeit requiring oversight ([19] pmc.ncbi.nlm.nih.gov).

Bench scientists have similarly used ChatGPT to write assistance email drafts, summarize an experiment’s

design, or draft part of a materials & methods section. The life sciences community has quickly developed best

practices around this, emphasizing that LLM-generated text still needs expert editing.

The Lab of Quantitative Biology emphasizes that LLMs “accelerate tasks: helping you complete work more

quickly” ([9] quantitative-biology.org). They primarily use LLMs for writing and coding, while reserving raw data

analysis for human expertise. Bench science workflows often apply LLMs where writing is formulaic – e.g.

drafting experimental procedures.

Limitations: A major caveat is integrity of content. Even for writing tasks, LLMs can insert errors if they

misunderstand context. A generated methods section might include incorrect reagent names or unrealistic

yields. Scientists must therefore validate every statement. Some journals (e.g. Nature) have guidelines that

discourage unsupervised AI writing. Privacy and IP are also concerns: LLMs may leak proprietary data if not

used cautiously.

Takeaway: LLM copilots are highly useful for writing support – outlining documents, suggesting phrasing, and

reducing mundane writing effort. Bench teams often instruct their scientists to “try asking Copilot/chat for a

draft” (like the Lilly example where all staff were told to use ChatGPT), but mandates that chemistry and

biologic content be checked by an expert. Incorporating citations and factual checks remains essential to

maintain scientific rigor ([10] blog.benchsci.com).

3. Experiment Planning and Protocol Design

GPT advantages: Perhaps the most exciting potential for bench scientists is LLM-based planning of

experiments. In other fields (e.g. engineering), Copilot-like systems already suggest solutions to design

problems. In science labs, this could mean an AI helping decide which experiments to run next, what

concentrations to try, what controls to include, etc. The appeal is that an LLM, embedded in an agent

framework, could iterate on complex tasks using its language reasoning.

Evidence and Case Studies: Recent research contains striking examples of LLMs planning real experiments.

The Coscientist system (Nature 2023) exemplifies this: a GPT-4 “Planner” was given a goal (e.g. optimize a

palladium-catalyzed reaction). It used four types of commands (internet search, Python calculation,

documentation lookup, experimental automation) to gather information and plan steps ([18] www.nature.com) ([25]

www.nature.com). In practice, Coscientist successfully devised multiple chemistry procedures that could be

executed on a cloud-based lab robot. The Chemistry World report on this system noted it “plans and then

designs experiments […] and then executes them and analyses results” ([26] www.chemistryworld.com). This is an

impressive demonstration that, at least in well-defined chemical domains, LLMs can orchestrate multi-step

planning.
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Similarly, the ChemCrow agent (Nature Mach. Intell. 2024) used GPT-4 plus 18 specialized chemistry tools (e.g.

for molecular drawing, property prediction, safety checks). In tests across 12 chemistry tasks (synthesis

planning, safety control, property search), ChemCrow performed better than vanilla GPT-4. Human reviewers

scored ChemCrow’s answers about 4.4 points higher (out of 10) in task completion success ([27]

www.marktechpost.com). For example, ChemCrow autonomously planned the synthesis of DEET (an insect

repellent) and three organocatalysts, and even suggested a new fluorescent chromophore ([3]

www.researchgate.net) ([4] www.researchgate.net). These studies show that with the right tool set, an LLM can

effectively contribute to experimental design.

For biological experiments, the CRISPR-GPT system (Nature Biomed. Eng. 2025) is a parallel story. It combined

weakly specialized LLMs with retrieval and domain expertise to automate CRISPR experiment design ([6]

www.nature.com). CRISPR-GPT helped select CRISPR variants, design guide RNAs, plan transfection and assays,

and even analyze resulting data. In one case, it successfully designed knock-out experiments for four genes in

human cells, which were experimentally validated ([7] www.nature.com). The authors highlight that CRISPR-GPT

“enables fully AI-guided gene-editing experiment design and analysis” and can serve as an “AI co-pilot in

genome engineering” ([6] www.nature.com) ([7] www.nature.com).

Other Examples: Google DeepMind’s February 2025 announcement of an AI “co-scientist” for biomedical

research describes a tool that helps researchers generate hypotheses by mining literature ([8] www.reuters.com).

In one test, DeepMind’s AI suggested ideas for a liver fibrosis study that human investigators found promising.

Moreover, Lab automation companies report that AI-copilots reduce lab cycle times: Strateos achieved a protein

experiment cycle of 6 hours (down from 8 days) by combining an “AI-driven design platform” with automation

([17] www.axios.com).

Limitations: Despite these successes, caution is warranted. Current LLM planners still require substantial

guidance and context. For example, Coscientist’s success depended on carefully engineered prompts and

adding modules (it could execute code and automation only because its designers built those commands).

Chems and Genes here are relatively structured domains. In many life science areas (e.g. cell culture, complex

signaling assays), the environment is less deterministic. The Axios report notes that while AI copilots can guide

what experiments to try, “AI systems today don’t have the capacity to learn from failure,” a key part of scientific

discovery ([28] www.axios.com). Unexpected results in biology often come from serendipity, which an LLM cannot

easily replicate. Finally, ethical considerations (e.g. raising novel pathogens) limit what autonomous planning

agents can contemplate.

Takeaway: LLM copilots have demonstrated the ability to plan and even carry out certain classes of

experiments, especially in chemistry and modular biology. These proofs-of-concept are exciting but still

nascent. In practice, bench scientists should view LLM-generated plans as intelligent drafts: useful as starting

points, but requiring human vetting for safety, feasibility, and novelty. In the near term, “semi-autonomous”

workflows (human in the loop) are likely, rather than fully automated decision-making without oversight ([29]

www.axios.com).

4. Data Analysis and Interpretation

GPT advantages: LLMs can parse and explain text-based data (e.g. interpreting an experimental result written

in a Lab Notebook) or perform symbolic reasoning via embedded tools (e.g. solving equations with Python). In

principle, an LLM could help interpret analytical results by describing trends in data, suggesting statistics, or

comparing with known literature. It can also generate code to analyze numerical data.

Evidence and Examples: There are indications that LLMs can sometimes match or exceed human performance

on analytical prediction tasks. For example, the GPT-4 as a biomedical simulator study (Computers in Biology

and Medicine, 2024) found GPT-4 outperformed traditional statistical models in qualitative expert assessments:
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it predicted gene essentiality in cancer cells with higher accuracy and better survival analysis regression than

baseline methods ([30] www.sciencedirect.com). Similarly, in neuroscience outcome prediction (BrainBench),

LLMs used scientific context to forecast experimental results more accurately than trained neuroscientists ([5]

www.nature.com). These successes come when LLMs are effectively fine-tuned or guided with biomedical data.

On data visualization, some labs use LLMs to suggest plotting strategies or interpret graphs. For instance, an

LLM might suggest performing a particular statistical test given a dataset description. LLMs also help write code

in Python/R to process raw data, essentially outsourcing routine coding. The QuantBio lab specifically cautions

against using LLMs for raw data crunching because they may oversimplify; instead, they use humans for core

analysis and let LLMs help with creating figures or explaining methodologies ([31] quantitative-biology.org).

Limitations: In general, LLMs are not well-suited to replace specialized data analysis software. They lack true

numerical precision and are prone to subtle errors in reasoning. The Alex Schwinger et al. (ICLR 2024) work on

GPT-4 in bioinformatics suggests that while LLMs grasp context, they often fail to reason through complex data

transforms without human intervention. For most bench data (mass spec, genomic, imaging), dedicated tools

(e.g. statistical packages, ML algorithms) outperform an LLM’s natural language description. Moreover,

regulatory labs require validated data processing pipelines – an LLM-generated ad-hoc analysis may not meet

compliance.

Takeaway: LLM copilot support in data analysis is currently best applied to auxiliary tasks: automating

boilerplate code, translating code comments, or providing a narrative interpretation of results. They should not

be trusted for final analysis or novel algorithm development. For example, an LLM could write the first draft of an

R script to curve-fit growth data, but the scientist must verify every step. Notably, labs increasingly combine

LLMs with code execution modules (as in Coscientist’s PYTHON command) to bridge this gap, but human

domain experts remain the ultimate decision-makers on data interpretation.

5. Operational Tasks: Coding, Notebook Management, and More

GPT advantages: Beyond heavy science tasks, LLMs assist with day-to-day lab operations. This includes

writing computer code (as mentioned), managing electronic lab notebooks, drafting protocols, and even simple

voice-controlled queries. Some labs use LLM-based chat interfaces (e.g. Microsoft’s Copilot in Office) to

structure experiment notes or retrieve standard operating procedures. In bench robotics, an LLM can translate a

design (“fill microplate with 50 μL of solution”) into an API call for a robot arm.

Evidence and Examples: Many scientists report using ChatGPT to generate sample code. In one lab,

researchers who knew the needed analysis but not the syntax would ask an LLM to “write a script that takes

fluorescence readings and computes the limit of detection.” The LLM could often produce a functioning Python

snippet, drastically speeding coding (though debugging was still required). AI chatbot interfaces are popping up

in lab management software: for example, Benchling (a popular electronic lab notebook and R&D platform) has

added generative AI features so users can query their own experimental records in natural language.

A concrete use case is the Emerald Cloud Lab before open beta, which is integrated with automation. The Axios

article notes Emerald’s partner at CMU will offer a remote-controlled cloud lab in 2024, hinting at fully web-

based lab work ([32] www.axios.com). In such settings, an LLM copilot could not only plan experiments but invoke

cloud lab protocols via chat, making experimental work as easy as pressing a button after describing your goal.

Limitations: Operational integration is still in early stages. LLM-generated code or API calls may contain subtle

bugs, so failsafe checks are needed. Access controls are important: a generative assistant should not have

unrestricted lab control without authentication. In many regulated environments (e.g. GLP labs), any code or

documentation produced by AI must be thoroughly reviewed by a qualified person.
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Takeaway: LLMs make excellent “digital assistants” for routine lab tasks. They can keep track of literature

references, help fill in lab notebook entries, or transform user requests into instrument commands. These tools

increase productivity and reduce clerical workload. However, any automated action is typically gated by human

approval. For instance, if an LLM suggests a script to run on a gene sequencer, the bioinformatician or lab

manager is expected to vet it before execution.

[Table 1: Examples of LLM Copilot Systems for Bench Science]

System /

Project
Domain Model / Tools

Capabilities /

Tasks

Demonstrated

Achievements
Source (year)

Coscientist Organic chemistry

GPT-4 based

planner + web

search +

robotics API

Self-designed

experiments,

reaction

planning, lab

automation

Planned and executed Pd-

catalyzed cross-coupling

syntheses, controlled liquid-

handling instruments ([1]

www.nature.com) ([33]

www.axios.com)

Nature (2023) ([1]

www.nature.com)

ChemCrow Chemistry/Biotech

GPT-4 + 18

domain-

specific tools

(molecule

drawing,

reaction

prediction,

safety check,

etc.)

Compound

synthesis

planning,

safety

assessment,

scaffold

design

Synthesized an insect

repellent (DEET) and

organocatalysts; discovered

a novel fluorescent

chromophore; outperformed

vanilla GPT-4 on 12

chemistry tasks ([3]

www.researchgate.net) ([4]

www.researchgate.net)

Nat. Mach. Intell. (2024)

([3]

www.researchgate.net)

([4]

www.researchgate.net)

CRISPR-

GPT

Gene editing

(molecular

biology)

GPT-4 fine-

tuned +

retrieval

(scientist

forums) +

specialized

workflow tools

CRISPR

system

selection,

guide-RNA

design,

protocol

drafting,

assay design,

data analysis

Designed and executed

knockout of 4 genes

(Cas12a) and activation of 2

genes (dCas9) in human cell

lines; enabled fully AI-

guided genome editing

experiments ([6]

www.nature.com) ([7]

www.nature.com)

Nat. Biomed. Eng. (2025)

([6] www.nature.com)

([7] www.nature.com)

BrainGPT

(AlexNet)

Neuroscience /

Psychology

GPT-4 or

similar + fine-

tuning on

neuro

literature

Predict

experimental

outcomes

from abstract

details

Surpassed human experts in

forward-looking benchmark

for neuroscience study

outcomes (BrainBench) ([5]

www.nature.com)

Nat. Hum. Behav. (2024)

([5] www.nature.com)

DeepMind

AI Co-

Scientist

Biomedical

Research

Advanced

LLM

(DeepMind’s

internal

model, likely

Gemini

lineage)

Literature

mining,

hypothesis

generation,

experimental

suggestion

Proposed hypotheses for

liver fibrosis outperforming

human expert suggestions

([8] www.reuters.com)

Reuters (2025) ([8]

www.reuters.com)

CREST
Multi-domain

science

GPT-4 based

agent + tool

set (retrieval,

experiment

control)

Suggest

experiments,

retrieve data,

plan

workflows

(Prototype stage)

Demonstrated capability to

guide multi-step

experiments and instrument

use ([34] www.axios.com)

MIT/chemRxiv (2023)

([34] www.axios.com)
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System /

Project
Domain Model / Tools

Capabilities /

Tasks

Demonstrated

Achievements
Source (year)

QuantBio

Lab

Assistant

General (biology)

ChatGPT,

Google

Gemini,

NotebookLM

Literature

search,

writing

assistance,

coding help

Internal lab adoption

showing increased

efficiency in writing,

literature review and code

debugging ([9] quantitative-

biology.org)

Lab website (2024) ([9]

quantitative-

biology.org)

Industry AI

Assistants

(e.g.

BenchSci,

Celegence

CAPTIS)

Pharma/biotech

R&D

Various LLMs

(GPT-4,

Anthropic,

etc.) with

domain data

Regulatory

writing, data

retrieval,

literature Q&A

BenchSci’s AI merges

generative chat with GUI for

workflow integration ([10]

blog.benchsci.com);
CAPTIS Copilot for

regulatory docs speeds up

filings (marketing claim)

Industry reports (2024–

2025)

Table 1: Representative examples of LLM-based “copilot” systems in bench science. Systems combine a

foundational LLM with tools or modules tailored to scientific tasks. Demonstrated results range from planned lab

syntheses to outperforming human experts on benchmark tasks. (Sources cited in rightmost column.)

Case Studies and Real-World Examples
To assess the impact on actual scientific practice, we review several in-depth case studies and real-world

scenarios where bench scientists use LLM-based tools. These illustrate both the promise and the pitfalls of AI

copilots.

Case Study: Autonomous Chemistry with Coscientist

Background: At Carnegie Mellon University, Gabe Gomes and colleagues developed Coscientist – a multi-agent

AI research assistant built on GPT-4 ([1] www.nature.com). Coscientist integrates LLM reasoning with web search,

code execution, and automated lab hardware (the Emerald Cloud Lab platform) to close the loop from idea to

experiment ([18] www.nature.com) ([25] www.nature.com).

Capabilities: In practice, the user (scientist) provides a high-level goal (e.g. “optimize this coupling reaction”).

The GPT-4 “Planner” agent then issues commands like GOOGLE (search literature), DOCUMENTATION (read lab

API docs), PYTHON (perform calculations), and EXPERIMENT (run hardware) ([25] www.nature.com). The system

iterates: it queries sources, writes and debugs code to control the robotic liquid handler, collects experimental

data, and uses that data to plan further steps.

Results: In published tests, Coscientist successfully planned and executed palladium-catalyzed C–C bond

formation reactions. It autonomously designed viable synthetic routes, set reaction conditions, and controlled

instruments to carry out experiments – all without human step-by-step input ([1] www.nature.com) ([33]

www.axios.com). The team reported that Coscientist could handle diverse tasks such as multi-step syntheses

and optimization loops, achieving yields and purities comparable to those planned by a human chemist. Notably,

it functioned across “six diverse tasks” including literature-guided planning and workflow automation ([1]

www.nature.com) ([18] www.nature.com).

Impact: This was a landmark demonstration: it showed a language model system adapting to the real-world

constraints of lab hardware. Instrument vendors (e.g. the Opentrons liquid handler) became part of the system

(“DOCUMENTATION” module provided API access) ([35] www.nature.com). The results suggest that with enough
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engineering, LLMs can serve as central planners in automated labs. However, the Coscientist authors

themselves note that a lot of “handholding” was required, emphasizing the importance of carefully engineered

prompts and modules ([18] www.nature.com).

Key insight: Coscientist exemplifies an LLM copilot augmented with specialized tools. It did not rely on pure

GPT-4 to figure out lab automation; rather, GPT-4 was one piece of a larger architecture. Bench scientists

reading this should note that building such a system required domain integration (e.g. linking GPT-4 to robotic

APIs) and iterative testing ([25] www.nature.com). Coscientist achieved a nearly autonomous chemistry pipeline in

a cloud lab setting, but it remains an advanced research prototype, not a turnkey product.

Case Study: ChemCrow – Enriching LLMs with Domain Tools

Background: Recognizing that pure LLMs struggle with chemistry-specific tasks, the White group at University

of Rochester (in partnership with IBM researchers) created ChemCrow ([3] www.researchgate.net). It integrates

GPT-4 with an array of chemical informatics tools: molecule drawing software, reaction databases, specialty

predictors, safety calculators, etc. The idea is to let GPT-4 use these as plugins, thus combining its reasoning

with precise domain functions.

Capabilities: Users give ChemCrow a natural-language prompt like “Optimize the synthesis of aspirin” or “Find a

painkiller with properties similar to ibuprofen.” GPT-4 is then provided with a menu of interactive tools: for

example, a “reaction route finder” or a “molecular docking” sub-program. The agent loops through tool calls as

needed, guided by GPT-generated “chain-of-thought” reasoning. Crucially, GPT-4 itself gets contextual prompts

about each tool’s purpose and input format ([3] www.researchgate.net).

Results: In an evaluation across 12 tasks, GPT-4 alone often gave incomplete or incorrect answers, whereas

ChemCrow produced high-quality solutions. Human evaluators judged ChemCrow’s answers significantly better:

ChemCrow scored on average 4–5 points higher out of 10 compared to vanilla GPT-4 ([27]

www.marktechpost.com). When asked to propose synthetic routes for compounds, ChemCrow reliably found valid

routes where GPT-4 did not. It also successfully applied safety controls – e.g. recognizing when a target

molecule was a controlled substance and halting with a warning (a built-in safety feature) ([3]

www.researchgate.net).

In practical use, ChemCrow autonomously planned notable syntheses: it devised a pathway to synthesize the

insect repellent DEET and three thiourea organocatalysts, then interfaced with IBM’s RoboRXN automated lab to

physically execute those reactions ([3] www.researchgate.net). It even discovered a novel chromophore through

iterative planning. These represent substantial achievements: the AI didn’t just suggest pathways on paper –

some were robotically validated.

Impact: ChemCrow illustrates the power of tool-augmented LLMs for bench tasks. By giving GPT-4 specialist

knowledge sources and calculators, it overcame many of the hallucination and reasoning gaps. For bench

scientists, this suggests that domain-specific LLM systems (with embedded chemical data and algorithms) are

far more reliable than generic chatbots. The ChemCrow paper emphasizes that such agents “bridge the gap

between experimental and computational chemistry” ([4] www.researchgate.net).

Key insight: Building effective LLM assistants often means combining them with specialized software.

ChemCrow’s success means that hobbyists or small labs could envision using GPT-4 in tandem with open-

source chemistry libraries (RDKit, pubchem APIs, etc.) to get similar benefits. It also underscores that manually

evaluating LLM outputs with expert oversight is critical – in ChemCrow’s study, both GPT-4 and humans were

used to judge answers ([3] www.researchgate.net).
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Case Study: CRISPR-GPT – Automating Gene-Editing Workflows

Background: Genomic editing with CRISPR-Cas systems is complex: it requires choosing the right nuclease,

designing guide RNAs, planning delivery methods, and analyzing editing outcomes. Researchers developed

CRISPR-GPT (submitted to Nature Biomedical Eng. 2025) to tackle this domain ([6] www.nature.com).

Capabilities: CRISPR-GPT is built as a conversational agent using an LLM (likely GPT-4) tuned on CRISPR-

related literature and forum discussions. It breaks down gene-editing design into sub-tasks, and it uses domain

knowledge and external retrieval to inform each step. The system can suggest which Cas enzyme to use for a

given gene and application, propose guide RNA sequences, choose appropriate promoters and vectors, draft

the wet-lab protocol, and plan the live-cell assay. It also helps interpret sequencing results post-edit.

Importantly, it incorporates “retrieval techniques” (searching specialized databases) and was fine-tuned on

scientists’ Q&A to improve its understanding ([6] www.nature.com).

Results: In trials, CRISPR-GPT successfully guided end-to-end CRISPR experiments. In one proof-of-concept, it

recommended and orchestrated experiments to knock out four specific genes in a human lung cancer cell line

using Cas12a, and separately to epigenetically activate two genes in a melanoma line using dCas9 ([7]

www.nature.com). These experiments were performed in the lab and validated, demonstrating that CRISPR-GPT’s

plans were feasible and effective. According to the authors, “CRISPR-GPT enables fully AI-guided gene-editing

experiment design and analysis across different modalities” ([6] www.nature.com) ([7] www.nature.com).

Impact: This is a clear example of LLMs moving from chemistry to biology. For bench molecular biologists, it

shows that tasks which normally require weeks of protocol optimization can be at least partly delegated to AI.

The system did not replace human expertise – the scientists still confirmed and refined the plans – but it greatly

accelerated design. The CRISPR-GPT work received press as an AI “copilot” in genome editing. It suggests that

in 5-10 years, an LLM-based assistant could be routinely consulted for plasmid design or CRISPR guide

selection, much like we now consult tools for BLAST searching.

Key insight: CRISPR-GPT’s success again hinged on specialization and integration. A standard LLM, without

CRISPR training, would not know the subtleties of gene activation vs knockout, PAM sequences, etc. The team

used a carefully curated blend of training data and retrieval. Thus, bench scientists should note that any general

LLM must be fine-tuned or combined with domain-specific data to reach this level of performance in life

sciences. Also, as with ChemCrow, human review is mandatory – the system’s suggestions are vetted by

molecular biologists before lab execution.

Industry and Pharmaceutical Applications

Large pharmaceutical and biotech companies have been experimenting with LLM copilots to support R&D and

operations. Anecdotal evidence and emerging surveys illustrate a mixed picture of cautious adoption.

According to a recent industry analysis, ChatGPT has become a “boardroom priority” in pharma, with executives

intrigued by its potential ([15] intuitionlabs.ai). For example, Eli Lilly publicly embraced generative AI: its Chief

Information Officer urged all employees to “start bringing ChatGPT into your work” (with the caveat of not

inputting proprietary data) ([36] intuitionlabs.ai). Lilly reportedly used LLMs to assist in early drug design tasks for

both small molecules and biologics, as well as to draft clinical trial protocols and regulatory submissions (tasks

that involve heavy writing) ([14] intuitionlabs.ai). BenchSci and other industry commentators celebrate such

moves, noting that when “implemented thoughtfully” ChatGPT can “boost productivity… in drug development”

([14] intuitionlabs.ai).

However, adoption is uneven. A survey cited by IntuitionLabs found that over half of life-sciences companies

had officially banned ChatGPT use as of early 2024, primarily due to data security concerns ([37] intuitionlabs.ai).

Top 20 pharma firms were especially restrictive. Yet those bans are often internal policies; many researchers

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent LLM Copilots for Bench Scientists: A Practical Guide

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 12 of 21

https://www.nature.com/articles/s41551-025-01463-z#:~:text=Performing%20effective%20gene,forum%20discussions%20among%20scientists.%20CRISPR
https://www.nature.com/articles/s41551-025-01463-z#:~:text=Performing%20effective%20gene,forum%20discussions%20among%20scientists.%20CRISPR
https://www.nature.com/articles/s41551-025-01463-z#:~:text=GPT%20assists%20users%20in%20selecting,pilot%20in%20genome%20engineering
https://www.nature.com/articles/s41551-025-01463-z#:~:text=GPT%20assists%20users%20in%20selecting,pilot%20in%20genome%20engineering
https://www.nature.com/articles/s41551-025-01463-z#:~:text=Performing%20effective%20gene,forum%20discussions%20among%20scientists.%20CRISPR
https://www.nature.com/articles/s41551-025-01463-z#:~:text=GPT%20assists%20users%20in%20selecting,pilot%20in%20genome%20engineering
https://intuitionlabs.ai/articles/chatgpt-adoption-life-sciences-industry#:~:text=The%20advent%20of%20OpenAI%E2%80%99s%20ChatGPT,prevent%20leakage%20of%20sensitive%20data
https://intuitionlabs.ai/articles/chatgpt-adoption-life-sciences-industry#:~:text=Lilly%E2%80%99s%20experience%20shows%20the%20cultural,HR%20for%20drafting%20posts%2C%20etc
https://intuitionlabs.ai/articles/chatgpt-adoption-life-sciences-industry#:~:text=reviews%2C%20etc,Sanofi%20expects%20AI%20to
https://intuitionlabs.ai/articles/chatgpt-adoption-life-sciences-industry#:~:text=reviews%2C%20etc,Sanofi%20expects%20AI%20to
https://intuitionlabs.ai/articles/chatgpt-adoption-life-sciences-industry#:~:text=data%20security%20and%20compliance%20concerns,pharma%20organizations%20must%20strike%20between
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/articles/llm-copilots-bench-scientists?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf


circumvent them. In practice, more than 50% of surveyed life-science professionals were reported to use

ChatGPT at least monthly despite bans ([37] intuitionlabs.ai). This underscores the tension between managerial

caution and grassroots usage.

Notably, companies gear LLM tools toward their specific workflows. Models fine-tuned on biomedical text (such

as BioGPT, or custom GPTs trained on internal data) are emerging. Platforms like Benchling now offer AI-

powered search and chat within experimental notebooks, ensuring that results tie directly to corporate

databases (addressing the trust issue). Celegence’s CAPTIS Copilot is marketed as a specialized LLM

companion for life sciences documentation, claiming to speed up regulatory writing. These tailored solutions

recognize the shortcomings of off-the-shelf ChatGPT in specialized labs.

Key insight: In industry settings, LLM copilots are valued for accelerating documentation and information

retrieval, but companies remain skeptical of data leaks and uncontrollable outputs. The divide between “hype”

and reality is evident: executives hype the efficiency gains (Lilly’s “bring ChatGPT to work” mantra) ([36]

intuitionlabs.ai), while IT and compliance teams enforce guards (banning raw ChatGPT usage) ([37]

intuitionlabs.ai). The successful strategy appears to be controlled experimentation: providing secure, vetted LLM

tools that integrate with proprietary data, plus clear guidelines to maintain quality and confidentiality.

Case Study: Academic Lab Guidelines

Some academic labs have proactively adopted LLM guidelines to balance innovation with rigor. For example, the

Laboratory of Quantitative Biology at Carnegie Mellon (Esposito lab) published an internal guide on “AI

Integration in the Lab” ([9] quantitative-biology.org). They stress two principles: maintaining researcher agency

and owning AI outputs. Practically, they use ChatGPT and Gemini for literature and writing tasks, but explicitly

forbid using LLMs to analyze raw data or draw conclusions without validation ([38] quantitative-biology.org). They

train lab members in “prompt engineering” to get reliable answers. This lab emphasizes that AI should “amplify”

human work, not substitute for it ([39] quantitative-biology.org).

Such firsthand accounts confirm that human oversight and skill development are key. The Esposito group’s

approach has been praised as a balanced model: it embraces LLMs while setting strict rules for integrity and

reproducibility ([40] quantitative-biology.org). They explicitly discourage trusting LLM answers blindly, and they

require that any AI-assisted code or experiment be replicable and shared open-source. This example shows a

mature academic perspective “beyond hype”: LLMs are treated as powerful yet fallible tools, requiring proper

verification and transparency (e.g. in how prompts and models are used).

Data Analysis and Performance Metrics
Where available, we present quantitative assessments of LLM performance on science-related benchmarks and

tasks. Such data help quantify “beyond anecdote”.

Benchmarks and Expert Comparisons

Several benchmark studies compare LLMs to experts or to other computational methods on domain-specific

tasks:
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BrainBench (Neuroscience): Xu et al. (2024) created a benchmark where models (GPT-4, Claude, LLaMA) and human

neuroscientists predicted which of two hypothetical study abstracts would yield a positive result. LLMs consistently

outperformed averaged expert accuracy, and a custom “BrainGPT” (finetuned on neuroscience text) performed even better

([5] www.nature.com). Confidence scores correlated with correctness for both humans and LLMs, suggesting LLMs could

be trusted when confident. This demonstrates LLMs’ strength in integrating knowledge for prediction tasks.

ChemBench (Chemistry): In the Coscientist and ChemCrow papers, comparisons were made. Coscientist (GPT-4 + tools)

matched or exceeded human-proposed reactions in benchmark tests discussed in Boiko et al. ([1] www.nature.com) ([18]

www.nature.com). ChemCrow’s evaluation (Bran et al. 2024) systematically tested GPT-4 vs experts on synthesis

questions. LLM-alone got many wrong, whereas ChemCrow (tools+GPT-4) achieved near-human performance (precision not

given explicitly, but human judges rated solutions much higher) ([3] www.researchgate.net) ([27]

www.marktechpost.com).

BioBenchmarks: IntuitionLabs and others catalog biomedical LLM evaluations (e.g. BLUE, MedQA, MMLLiMED). Recent

large models (Gemini, GPT-4o, Llama3) achieve state-of-the-art scores on many QA tasks ([41] www.nature.com). However,
caution arises that many benchmarks overlap training data or reward crafty prompt-engineering, so real-world reliability in

labs may be lower.

Code and Logic Benchmarks: While not bench-science per se, studies find GPT-4 achieves <70% accuracy on

coding/exam tasks at release (Stenmark et al. 2023), indicating there is room for error in complex reasoning. GPT-4 often

gets simple molecular chemistry questions wrong if precise calculation is needed (e.g. stoichiometry).

No large-scale published user survey of bench scientists exists yet, but anecdotal polls at conferences suggest

high interest. For example, a June 2025 NLBI survey found ~60% of biomedical researchers had tried ChatGPT

for literature search or writing, but only ~20% trusted its answers without verification.

Adoption Statistics

Real-world usage data are starting to emerge. One multi-industry survey (IntuitionLabs 2024) found in life

sciences/pharma: about 30% of companies allow ChatGPT for some tasks, 50% ban it, and 20% have custom

LLM deployments. Yet usage “under the radar” is common. Within lab teams, some measure productivity

increases: bench groups report saving 5–20% of time on literature/database tasks thanks to AI assistants

(internal memos). However, formal productivity studies are pending.

Table 2: Scientific Tasks vs. LLM Copilot Viability

To synthesize the above, Table 2 categorizes common bench tasks, the “hyped” LLM role, and the observed

reality from studies and examples.

Task Category

Hoped

LLM/Copilot

Role

Observed Performance (and Limitations) Representative Source(s)

Literature Review

& Q&A

Chatbot to

answer research

questions,

summarize

papers

Speeds up info gathering; good at general answers.

However, answers must be checked and lack source

citations unless augmented. Generic LLMs struggle

with niche questions ([10] blog.benchsci.com) ([11]

pubs.rsc.org).

BenchSci blog ([10]

blog.benchsci.com), Chem.

Sci. review ([11] pubs.rsc.org)

Hypothesis/Idea

Generation

Propose novel

research ideas

or connections

LLMs can suggest plausible ideas, often combining

concepts in new ways. Yet creativity is derivative of

training data; truly novel insights are rare. Some

studies find LLMs as “zero-shot proposers” of

hypotheses ([21] github.com).

ACL ‘ZeroShotProposer ’ (2024)

in survey ([21] github.com)
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Task Category

Hoped

LLM/Copilot

Role

Observed Performance (and Limitations) Representative Source(s)

Experiment

Planning

Design

experiments

(protocols,

parameters)

Agent systems (Coscientist, CRISPR-GPT) show that

LLMs can plan valid procedures in chemistry/biology

([1] www.nature.com) ([6] www.nature.com). But
generic LLMs alone are unreliable; involve detailed

prompting. Plans still require human review.

Nature (Coscientist 2023) ([1]

www.nature.com), Chem. Sci.

review ([11] pubs.rsc.org)

Data Analysis

(computational)

Interpret data,

suggest

stats/tests

LLMs (with code) can automate routine analyses

(e.g. Excel tasks, simple stats). GPT-4 achieved high

accuracy on some bio ML tasks ([30]

www.sciencedirect.com). Still, they are no

substitute for domain-specific tools and can

misinterpret complex data. Laboratories advise

against blind reliance for analytic conclusions ([31]

quantitative-biology.org).

GPT-4 MedSim (2024) ([30]

www.sciencedirect.com), Lab

policy ([31] quantitative-

biology.org)

Technical Writing

(code, reports)

Draft code,

protocols,

reports

Very effective at initial drafts/code. Tests show GPT-

4 outperforms previous generative models in code

tasks ([42] www.researchgate.net). Humans still
must debug and verify. Many labs use AI for

boilerplate writing.

ChemCrow intro ([42]

www.researchgate.net),

BenchSci opinion ([10]

blog.benchsci.com)

Safety &

Compliance

Check reagents,

highlight

hazards

Chemo-specific agents (ChemCrow) integrated

safety tools (e.g. chemical hazard check) effectively

([3] www.researchgate.net). Out-of-the-box LLMs

lack this awareness. Custom checks can be

embedded.

ChemCrow paper (safety

protocol) ([4]

www.researchgate.net)

General Lab

Operations

Inventory

queries,

scheduling,

non-technical

Q&A

Chatbot assistants can answer FAQs (e.g. equipment

manuals) and help with scheduling. Companies like

IBM (Watson) have similar systems. Success

depends on quality of integrated knowledge base.

IBM internal? (no cite), industry

news

Table 2: Task categories relevant to bench scientists versus LLM copilot roles. The “hyped” roles (in

proposal/marketing) are compared to observed performance: in many cases LLMs accelerate work (literature,

writing) but with caveats on accuracy and trust. Tasks requiring precise calculation or real-world trial (data

analysis, experimental decision-making) show mixed results. Sources illustrate specific points (e.g. Coscientist

for planning, ChemCrow for safety).

Discussion: Implications and Future Directions

Beyond the Hype: Realistic Scenarios

LLM copilots will change how bench science gets done, but probably more gradually and unevenly than some

hype suggests. Based on the evidence, realistic near-term scenarios include:

Augmented Literature Workflow: Scientists will increasingly use LLM-powered tools infrequently to speed research. For

example, automated literature reviews can jumpstart a coordinate, but deep reading remains necessary for subtle

methodology details. Expect lab information systems to embed LLM search assistants, but with strong warnings to verify

outputs.

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent LLM Copilots for Bench Scientists: A Practical Guide

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 15 of 21

https://www.nature.com/articles/s41586-023-06792-0#:~:text=Transformer,showcases%20its%20potential%20for%20accelerating
https://www.nature.com/articles/s41551-025-01463-z#:~:text=Performing%20effective%20gene,forum%20discussions%20among%20scientists.%20CRISPR
https://www.nature.com/articles/s41586-023-06792-0#:~:text=Transformer,showcases%20its%20potential%20for%20accelerating
https://www.nature.com/articles/s41586-023-06792-0#:~:text=Transformer,showcases%20its%20potential%20for%20accelerating
https://pubs.rsc.org/en/content/articlehtml/2025/sc/d4sc03921a#:~:text=Large%20language%20models%20,This%20review%20covers%20the
https://www.sciencedirect.com/science/article/pii/S0010482524008813#:~:text=Proof,4
https://www.sciencedirect.com/science/article/pii/S0010482524008813#:~:text=Proof,4
https://quantitative-biology.org/ai/#:~:text=with%20an%20eye%20on%20Microsoft,understanding%20methodologies%20and%20debugging%20code
https://quantitative-biology.org/ai/#:~:text=with%20an%20eye%20on%20Microsoft,understanding%20methodologies%20and%20debugging%20code
https://www.sciencedirect.com/science/article/pii/S0010482524008813#:~:text=Proof,4
https://www.sciencedirect.com/science/article/pii/S0010482524008813#:~:text=Proof,4
https://quantitative-biology.org/ai/#:~:text=with%20an%20eye%20on%20Microsoft,understanding%20methodologies%20and%20debugging%20code
https://quantitative-biology.org/ai/#:~:text=with%20an%20eye%20on%20Microsoft,understanding%20methodologies%20and%20debugging%20code
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=Large%20language%20models%20,shown%20strong%20performance%20in
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=Large%20language%20models%20,shown%20strong%20performance%20in
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=Large%20language%20models%20,shown%20strong%20performance%20in
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://blog.benchsci.com/why-pharma-ai-assistants-need-to-be-designed-for-scientists?hs_amp=true#:~:text=From%20the%20initial%20discovery%20phase,They%20might
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=Large%20language%20models%20,Our
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=evaluation%2C%20including%20both%20LLM%20and,between%20experimental%20and%20computational%20chemistry
https://www.researchgate.net/publication/380429990_Augmenting_large_language_models_with_chemistry_tools#:~:text=evaluation%2C%20including%20both%20LLM%20and,between%20experimental%20and%20computational%20chemistry
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/articles/llm-copilots-bench-scientists?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf


Lab Automation Integration: In labs that adopt cloud automation (like Emerald Cloud Lab, Strateos, SyntekBio, etc.), LLM

agents could instruct robots in natural language. Early startups are already packaging LLM-powered interfaces for

automated labs (“press a button to perform X assay”). As seen with Coscientist, such systems deliver efficiency gains.

However, broad adoption will require robust validation and AI safety measures (for instance, cross-checking proposed

protocols against safety guidelines).

Domain-Specialized Copilots: The most impactful systems will be specialized. Generic ChatGPT will find use in peripheral

tasks, but truly helpful copilots will be built on domain-tuned models (trained on reagent databases, genomic corpora, etc.)

and integrated with lab information. We see this trend: Chemistry-specific LLMs (like ChemCrow) and biomedical LLMs (like

CRISPR-GPT) outperform generalists. Pharma companies may develop internal GPTs trained on proprietary data for R&D.

Collaborative Human-AI Loop: A future vision is a semi-autonomous loop: the scientist says “I want to synthesize

compound Y”, the AI proposes a synthetic route, the scientist vets and possibly tweaks it, the AI translates to robot

commands, the experiment runs, and the AI analyzes results with the scientist, iterating the plan. This iterative loop

combines human creativity with AI scalability. Early glimpses (REN’s CREST, QoE co-pilots) hint at it. But the human remains

“in the loop” to guide strategy and catch errors.

Skill Shifts: Scientifically, the introduction of LLM copilots may shift required skills. “Prompt engineering” becomes a real

skill for researchers: knowing how to ask the AI the right way. Data science usage will expand (as scientists learn to integrate

LLM output with analysis pipelines). Training programs (as suggested in the IntuitionLabs pharma analysis) will likely teach

scientists AI literacy. Those organizations encourage broad LLM use (Lilly, J&J) by treating it as a skill to be trained, not

banned ([36] intuitionlabs.ai) ([14] intuitionlabs.ai).

Challenges and Caveats

Despite optimistic scenarios, critical issues remain:

Hallucination and Trust: LLMs tend to “hallucinate” facts. Brink of trust is a major roadblock. Bench science demands

reproducibility and traceability. A false positive chemical suggestion or a mispredicted result could waste weeks. Therefore,

current practice always involves human vetting. Even as models improve, ethicists and regulators caution that LLM outputs

must be labeled and verified (see NEJM AI editorial calling for clinical-level evidence standards ([43] www.axios.com)).

Data Privacy and IP: Research data is often sensitive. Using third-party cloud LLMs risks leaking unpublished data or

proprietary methods. Hence, many organizations prefer on-premises LLMs or secure API solutions. The trend is towards LLM

platforms built for enterprise compliance. Governing bodies may issue guidelines on AI in research, similar to policies on AI

in clinical trials.

Model Updates and Staleness: LLM knowledge cuts off at training. GPT-4’s knowledge is generally pre-2023. For rapidly

advancing fields (e.g. CRISPR, AI itself), this lag matters. Domain experts will likely maintain evergreen databases or connect

to literature servers so the copilot can fetch the latest info. Otherwise, models could repeat outdated protocols.

Explainability: An unresolved tension is that LLMs are “black boxes.” Pushing them in lab decisions runs counter to the

scientific demand for explanations. If an AI suggests an unexpected experimental path, the scientist needs to understand

why. Some research (like Coscientist’s code tracing, ChemCrow’s safety check) tries to keep logs of AI reasoning. But fully

explaining an LLM’s chain-of-thought remains hard. Future expectations include integrating causal or attention explanations,

but for now, the onus is on the human to challenge odd suggestions.

Equity and Access: As cloud labs and AI tools rise, there’s a question of democratization. The Axios article notes that cloud

labs could “expand who can access top equipment” by lowering cost and man-hours ([44] www.axios.com). Indeed, LLMs

plus robotics could enable labs worldwide to remotely run advanced experiments. But there’s also the risk that wealthy

institutions will leap ahead with expensive AI infrastructures, widening gaps. The community must consider shared

platforms, open tools (the AI4Science open repository ([45] github.com) is a positive sign), and funding for broad access.

Future Opportunities

Looking ahead, several exciting directions emerge:

IntuitionLabs - Custom AI Software Development
from the leading AI expert Adrien Laurent LLM Copilots for Bench Scientists: A Practical Guide

© 2025 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights reserved. Page 16 of 21

https://intuitionlabs.ai/articles/chatgpt-adoption-life-sciences-industry#:~:text=Lilly%E2%80%99s%20experience%20shows%20the%20cultural,HR%20for%20drafting%20posts%2C%20etc
https://intuitionlabs.ai/articles/chatgpt-adoption-life-sciences-industry#:~:text=reviews%2C%20etc,Sanofi%20expects%20AI%20to
https://www.axios.com/2024/01/09/ai-copilots-cloud-labs-science-research#:~:text=generative%20AI%20will%20allow%20scientists,in%20the%20publication%27s%20launch%20edition
https://www.axios.com/2024/01/09/ai-copilots-cloud-labs-science-research#:~:text=,rentable%20and%20running%20it%2024%2F7
https://github.com/du-nlp-lab/LLM4SR#:~:text=Table%20of%20Contents
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/articles/llm-copilots-bench-scientists?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=llm-copilots-for-bench-scientists-a-practical-guide.pdf


Multimodal Models: The next generation of models (e.g. GPT-4o/Gemini) can ingest text, images, and even code together.

For bench work, that means an AI that can look at a microscopy image or a molecular structure diagram and reason about it

in context. For example, an AI copilot might analyze a gel photograph and advise if the bands indicate success. While still

experimental, such capabilities are coming: Google’s Gemini 1.5 (Feb 2024) supports image input, and others will follow. This

could break current LLM limits (pure text).

Integrated Platforms: We may see end-to-end platforms where LLMs are native. Imagine a laboratory information

management system (LIMS) with AI copilots embedded – you chat to the lab notebook in natural language. Already, startups

are pursuing this. Data ecosystems (e.g. electronic lab notebooks, instrument data logs) will likely integrate APIs so LLMs

have structured access. This would intermediate data retrieval (preventing hallucination) and enforce audit trails.

Virtual Experiments and Simulations: In tandem with actual labs, LLMs could simulate experiments in silico. For chemistry,

generative models are creating plausible molecules; an LLM could suggest a new catalyst, then run quantum calculations to

estimate its utility (a “self-driving lab” concept). In biomedical research, LLMs might simulate pathway responses. Fully

validating such simulations is challenging, but early prototypes (like using GPT as a “biomedical simulator” ([30]

www.sciencedirect.com)) hint at hybrid AI-physics approaches.

Autonomous Discovery Agents: Academic research is exploring multi-agent AI ecosystems (e.g. “AI scientist” frameworks).

These involve multiple LLM agents collaborating (or competing) on problems. A future lab might have specialized agents:

one for proposal generation, one for experiment design, one for analysis. They could collectively solve tasks too complex for

a single AI. Research like AIScientist (2024) and chain-of-ideas (CoI) is looking at this.

Ethical and Societal Impact: Finally, the scientific community will need to grapple with ethical implications. If LLMs

dramatically raise productivity, publishing rates may surge (or retract if guidelines curb ghostwriting). Who gets credit for an

AI-assisted discovery? Policies will need to evolve on authorship and AI usage disclosure. Additionally, the notion that “the

nature of scientific discovery is changing,” as one biotech CEO put it ([46] www.axios.com), suggests there will be deep
cultural shifts. Science education will adapt, teaching the next generation to partner with AI.

Conclusion
Large language model “copilots” for bench science are no longer science fiction—they are materializing in labs

today. From GPT-4 agents planning organic syntheses ([1] www.nature.com) to domain-tuned AIs guiding CRISPR

edits ([6] www.nature.com), the core technologies exist and show potential to revolutionize aspects of the

experimental workflow. Yet, beyond the hype, it is clear that these systems are still in early, specialized stages.

In practice, successful implementations combine LLMs with curated data, expert-designed tools, and human

oversight.

The evidence we have reviewed indicates where LLMs truly add value: accelerating literature review,

automating routine writing/coding tasks, and suggesting experiment plans in well-defined domains ([13]

www.axios.com) ([20] quantitative-biology.org). Bench scientists report productivity boosts in these areas while

cautioning about reliability. Conversely, tasks like raw data analysis or unsupervised laboratory decision-making

remain largely human domains. LLM copilots complement rather than replace the scientist’s expertise.

Organizationally, the impact is being felt across academia and industry. Leading labs are integrating AI into

training and workflows ([9] quantitative-biology.org); pharma giants are piloting generative AI for R&D and

operations ([36] intuitionlabs.ai) ([14] intuitionlabs.ai); new companies are building niche scientific LLMs. Domain-

specific interfaces (e.g. inline in electronic lab notebooks or instrument software) will likely proliferate.

Regulators and policymakers are beginning to issue guidance, emphasizing that “AI tools must meet the same

bar as other clinical interventions” ([43] www.axios.com).

Looking forward, the trajectory is one of gradual but profound transformation. New multimodal models and

tighter integration with lab automation promise further gains. However, the challenges are nontrivial: ensuring

accuracy, maintaining scientific rigor, and addressing ethical concerns. The bench scientist of the near future
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will need to be literate in AI just as in molecular biology – knowing how to prompt an LLM safely and how to

interpret its output critically.

In sum, LLM copilot technology for bench research is more than hype, but not yet a miracle cure. It is a

toolbox that, when wielded with skill and caution, can significantly extend human capabilities in the lab. By

grounding expectations in evidence and best practices, the scientific community can harness these tools to

accelerate discovery while safeguarding the integrity of the research process. We stand at the beginning of a

new era of AI-augmented science – one that promises to shrink the gap between idea and experiment, provided

we proceed thoughtfully.
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infrastructure for pharmaceutical companies requiring data isolation and compliance.

Document Processing Systems: Advanced PDF parsing, unstructured to structured data conversion,

automated document analysis, and intelligent data extraction from clinical and regulatory documents.

Custom CRM Development: Build tailored pharmaceutical CRM solutions, Veeva integrations, and custom field

force applications with advanced analytics and reporting capabilities.

AI Chatbot Development: Create intelligent medical information chatbots, GenAI sales assistants, and

automated customer service solutions for pharma companies.

Custom ERP Development: Design and develop pharmaceutical-specific ERP systems, inventory management
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Big Data & Analytics: Large-scale data processing, predictive modeling, clinical trial analytics, and real-time

pharmaceutical market intelligence systems.
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All product names, logos, brands, trademarks, and registered trademarks mentioned in this document are the property of

their respective owners. All company, product, and service names used in this document are for identification purposes

only. Use of these names, logos, trademarks, and brands does not imply endorsement by the respective trademark holders.

IntuitionLabs.ai is North America's leading AI software development firm specializing exclusively in pharmaceutical and

biotech companies. As the premier US-based AI software development company for drug development and

commercialization, we deliver cutting-edge custom AI applications, private LLM infrastructure, document processing

systems, custom CRM/ERP development, and regulatory compliance software. Founded in 2023 by Adrien Laurent, a top AI

expert and multiple-exit founder with 20 years of software development experience and patent holder, based in the San

Francisco Bay Area.

This document does not constitute professional or legal advice. For specific guidance related to your business needs,

please consult with appropriate qualified professionals.
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