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Executive Summary: Among the AI-active U.S. and European organizations in Benchling’s November 2025
survey, literature review was the highest-reported AI application, ahead of target identification and molecular
design. According to a recent industry survey, 76% of biotech organizations active with AI use it for literature
and knowledge extraction (www.benchling.com). This unusually high adoption rate stems from both
technological and domain factors: vast and rapidly growing scientific literature, mature natural language
processing (NLP) tools, and the immediate, tangible value of faster knowledge synthesis. AI-assisted literature
review (sometimes called AI-assisted evidence synthesis or targeted literature review) can dramatically speed
up finding relevant papers, summarizing findings, and extracting data from publications. Importantly, it fits
naturally into scientists’ workflows and uses publicly available or internal textual data, reducing many traditional
bottlenecks without requiring new types of experimental data.

This report delves deep into why literature review has become the “killer app” of AI in biotech, examining
historical context, current evidence, tools and techniques, and real-world case studies. We present data on
adoption rates and benefits, survey academic and industry perspectives, and analyze challenges such as data
quality, trust, and regulatory issues. Finally, we look ahead at “what comes next”: the next wave of AI use
cases (e.g. target discovery, molecular design, lab automation, multimodal data integration, AI “co-scientists”)
and the investments needed in data infrastructure, organizational culture, and skill development. This in-depth
report is grounded in extensive citations from recent studies, surveys, and technical papers, providing a
comprehensive picture of the state of AI in biotech R&D.

Key Findings (Summary):

High Adoption for Literature Review: Benchling’s November 2025 survey of about 100 AI-active U.S.
and European biotech and pharma organizations found that literature and knowledge extraction was the
highest-reported use case (76% of the sample) (www.benchling.com). Other top use cases include
protein structure prediction (71%), scientific reporting (66%), and target identification (58%)
(www.benchling.com) (see Table 1). These “first AI wins” are tightly aligned with scientists’ daily tasks
and well-supported by existing data.

Efficiency and Outcomes: In fields where AI is used, half of biotech teams report that it has already
accelerated their path to key goals (“faster time-to-target”) and most expect significant cost savings as
AI scales up (www.benchling.com). Published research finds that AI tools can cut literature screening
and summarization work by large fractions (on the order of 50–65%) (journals.sagepub.com)
(link.springer.com). For example, Wang et al.’s GPT-4 pilot found useful topic outlining but inaccurate
extraction for several table columns; its semantic similarity scores measured textual overlap, not content
quality (Wang et al.).

Technologies and Tools: Rapid advances in NLP and LLMs underpin this trend. Open-source and
commercial platforms – from Elicit, Semantic Scholar, ResearchRabbit, PubTator, and others
(journals.sagepub.com) to general AI assistants like ChatGPT – now offer automated literature search,
query generation, summarization, and evidence synthesis. Table 2 lists representative AI tools for
literature mining and review. Many biotech teams are also customizing their own chatbot assistants and
knowledge graphs.
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Challenges & Trust: The widespread use of AI for literature review has raised concerns about reliability.
Academic studies using ChatGPT report extremely high rates of “ hallucination” (fabricated content) if
unchecked (link.springer.com), and life-science experts cite data quality and trust as top worries
(www.technologynetworks.com) (www.sciencedirect.com). By some accounts, AI-generated reviews still
require diligent human oversight to ensure accuracy and citation validity
(biodatamining.biomedcentral.com).

What Comes Next: While literature review dominates today, biotech leaders are already pushing
beyond it. Adoption drops off in more complex areas (e.g. generative molecular design, biomarker
discovery, ADME modeling) where data is scarce or disorganized (www.benchling.com)
(www.linkedin.com). The next wave will involve integrating AI with experiment design and execution (AI-
guided “co-scientists”), multimodal analytics (combining genomics, imaging, etc.), and smarter lab
automation. Realizing these advances will require better data infrastructure (to break down silos) and AI-
literate culture. For example, companies report that building AI talent internally (especially among
scientists) is a top priority (www.benchling.com), and regulatory adaptation includes FDA and EMA’s ten
guiding principles, released on 14 January 2026 for AI used to generate evidence across the drug
product life cycle (FDA announcement; related reading: AI-specific guidelines in pharma) to ensure safe,
compliant use of these tools.

The rest of this report explores these topics in depth. We begin with background on the explosion of scientific
data and the need for AI assistance, then examine in detail why literature review has proven easier and more
valuable than other use cases. We analyze survey findings and technical evaluations (Data and Evidence),
present case studies of AI-driven review in action (Case Studies), and conclude by assessing future directions
and implications for biotech R&D (Implications & Future Directions).

1. Introduction and Background
Over the past decade, biotechnology and pharmaceutical R&D has become increasingly data-driven,
generating and relying on massive quantities of information across genomics, chemistry, clinical studies, and
especially the scientific literature. Estimates project that by 2030, PubMed and related databases will
contain over 40 million articles (journals.sagepub.com), and the total biomedical data ecosystem (including
omics, imaging, records, literature) will grow on the order of 10× (to hundreds of exabytes) from 2020 levels
(journals.sagepub.com). This deluge of information poses a major challenge: something crucial is easy to
miss. Traditional literature search (keyword queries, manual curation) cannot keep pace. As one recent review
observed, “the surging volume of biomedical literature has made traditional manual review methods
impractical” (www.sciencedirect.com). Researchers routinely face hundreds or thousands of papers to screen
for each question, with each paper dense with complex data.Completing a high-quality literature review
(surveying, summarizing, and synthesizing myriad sources) can require months of expert labor and dozens
of person-hours (biodatamining.biomedcentral.com).

At the same time, advances in artificial intelligence – particularly NLP and large language models (LLMs) –
have dramatically expanded what machines can do with text data. Breakthroughs like OpenAI’s GPT models
have shown the ability to understand context, answer questions, and even generate coherent prose and
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summaries from documents. Specialized AI systems for scientific text (BioGPT, SciBERT, etc.) and knowledge
graphs have also matured. Between 2020 and 2023, the field saw a rapid pivot from simple keyword search
tools to “semantic and multimodal” AI platforms that can extract relationships, make inferences, and generate
concise summaries (journals.sagepub.com). The COVID-19 pandemic further spurred AI innovation:
researchers needed to scan COVID‐19 research literature at unprecedented speed, leading to tools like
ScispaCy, LitCovid, and many AI‐assisted systematic review tools. As of 2024, AI tools can highlight key
findings, dramatically reduce literature screening time, and even propose hypotheses based on textual data
(journals.sagepub.com) (biodatamining.biomedcentral.com).

This convergence of data explosion and AI capability has opened new possibilities for biotech R&D. Among
these, literature review – the process of collecting, evaluating, and synthesizing published findings – stands
out as both a critical bottleneck and a natural testbed for AI. It is critical in every stage of drug discovery and
development: from initial target/lead discovery (what proteins or pathways have been implicated in a disease?
what compounds have been tried?) to later-stage clinical strategy (what did past trials find?). As one industry
expert noted, “many projects you start in the pharma space begin with a literature review of some sort… the
scale [of such reviews] is limited by the capacity of experts to screen and extract the necessary information”
(elicit.com).

Given this backdrop, leading biotech companies and research consortia have been intensely exploring AI for lit
review for several years. The Pistoia Alliance and other organizations have run surveys and workshops (e.g.
the “Lab of the Future” reports (www.pistoiaalliance.org)) to gauge AI readiness. Similarly, commercial R&D
informatics providers (like Benchling and Elicit) have launched initiatives on AI-augmented search and
synthesis. The takeaway from these efforts is clear: AI is already a core part of how scientists handle literature.
In Benchling’s November 2025 sample of about 100 AI-active U.S. and European biotech and pharma
organizations, literature and knowledge extraction was the highest-reported use case (76%) (Benchling).
In other words, tools that read papers, extract facts, and summarize evidence have hit “prime time” in biotech
R&D.

But this has not happened by magic. In the sections that follow, we will analyze why literature review has risen
to the top of the list, how AI tools are being used to do it, and what benefits and limitations these tools bring.
We will cite academic studies, industry reports, and concrete examples to show both the accomplishments and
the remaining hurdles. Finally, we will look forward to how AI use in biotech is evolving beyond literature review
to encompass deeper tasks, and the implications for research practice and policy.

2. Why Literature Review Is the Leading AI Use Case
This section explores the reasons that literature review and knowledge extraction have become the dominant
AI application in biotech. We consider factors such as data availability, workflow fit, technological maturity, and
measurable impact. We also contrast literature review with alternative AI uses to highlight what makes it
uniquely successful today.
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2.1. Data Richness and Task Alignment

Abundance of text data. One key reason is simply that scientific publications provide plenty of data for AI to
work on. Unlike many R&D tasks, literature review relies on existing digital content – thousands of published
papers, patents, reports, lab notes, etc. – that AI can analyze without requiring new experiments. In contrast,
tasks like predicting ADME properties or designing new molecules often require proprietary experimental data
(which may be scarce or siloed) and complex physical models. For literature review, the data is already there.

As Professor Chandan Sen notes in his comprehensive review, “PubMed and related repositories are
expected to continue adding 1–1.5 million articles per year, pushing totals well beyond 40 million by 2030”
(journals.sagepub.com). NIH strategies predict a ten-fold growth of biomedical data from 2020 to 2030
(journals.sagepub.com), with the majority being unstructured text. This explosive growth of literature means
that human readers alone simply cannot keep pace. Every scientific discovery adds more text for R&D
teams to survey. In AI terms, the signal (useful findings in the literature) is buried in noise (millions of papers),
creating a classic “big data” challenge. AI’s ability to parse and summarize large volumes of text is therefore
naturally suited to this scenario.

Workflow integration. Literature review is also an organic part of scientists’ work. Compared to closed-
domain tasks, reading and writing about research is a daily routine: writing grant proposals, drafting
publications, preparing lab reports, or brainstorming new targets all start with background reading. (elicit.com)
(biodatamining.biomedcentral.com) Yet traditionally, scientists juggle multiple tools – PubMed, Google Scholar,
conference proceedings, and manual curation – which is time-consuming and disjointed. AI offers to merge
these steps into a single interactive workflow. For example, an AI chatbot can answer queries like “Which
papers link protein X to disease Y?” or “Summarize findings on drug Z”. Tools like Semantic Scholar already
provide human-like summaries, and new services (Table 2) directly embed into the writing process (e.g.
drafting literature review sections). Because these tools fit directly into existing tasks, scientists are willing to
use them regularly.

Relative simplicity of the problem. Compared to more advanced predictive tasks, literature review is often
straightforward for modern AI. It essentially involves natural language understanding and retrieval, domains
where LLMs excel. In technical terms, these tasks have well-structured inputs (text) and outputs (titles,
abstracts, summaries) with relatively abundant training data. By contrast, predicting novel protein structures or
designing synthetic routes may involve physical modeling or multi-modal data beyond what today’s models can
easily handle. As a result, even a general-purpose LLM like GPT-4 can perform literature-related tasks quite
competently with proper prompting (www.sciencedirect.com) (biodatamining.biomedcentral.com). Indeed,
industry users report that AI “copilots” for literature are already trusted and used daily by scientists
(www.linkedin.com).

In sum, literature review presents the ideal case for AI: vast relevant data, a task aligned with human
workflows, and a problem complexity well-matched to current NLP capabilities. This contrasts with many other
R&D tasks where data are sparse or unstructured. The high adoption numbers reflect these facts: when
Benchling asked biotech leaders about AI, they found that tools for literature (searching, summarizing) had
taken off, whereas generative drug design and other advanced uses lag behind (www.benchling.com)
(www.linkedin.com).
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2.2. Empirical Evidence of Impact

The prominence of AI in literature review is not just anecdotal – it is backed by data on usage and outcomes.
Table 1 (below) summarizes the leading AI use cases and their adoption rates in biotech R&D, from the
Benchling 2026 survey. Literature review tops the list at 76%; toward the bottom are newer or harder tasks like
generative molecular design, which have much lower uptake (www.benchling.com).

Table 1: AI Use Case Adoption in Biotech R&D (Benchling 2026 survey)

Use Case Biotech Adoption (%) Example Tools / Context

Literature & Knowledge
Extraction

76%
(www.benchling.com)

AI search & summarization (e.g. Elicit, ChatGPT, Semantic Scholar)

Protein Structure Prediction 71%
(www.benchling.com)

DeepMind’s AlphaFold/RoseTTAFold models for protein 3D
structures

Scientific Reporting /
Documentation

66%
(www.benchling.com)

Auto-generated reports, figure/text summarization (SciSpace,
Scholarcy, etc.)

Target Identification 58%
(www.benchling.com)

Data-mining literature and databases for new drug targets

(Lower-ranked emerging cases) <50% (e.g. AI-driven molecular design, ADME prediction, workflow
automation)

Sources: Benchling Biotech AI Report 2026 (www.benchling.com); Sen (2026) review (journals.sagepub.com).

This adoption ranking aligns with the nature of the tasks. In all four of the top categories, the AI can leverage
“clean, verifiable data” that fits into scientists’ workflow (www.benchling.com). For literature review itself, such
data is the published papers. The Benchling report emphasizes that these “breakthrough use cases” succeed
because they are built on trusted data sources and familiar user tasks (www.benchling.com).

Importantly, the organizations using AI for these tasks report measurable benefits. Around half of biotech
respondents say that AI has already sped up their core objectives (e.g. finding a molecule) and most expect
significant cost savings as AI use grows (www.benchling.com). In concrete terms, 50% of biotech teams now
report faster time-to-target thanks to AI acceleration, and 56% expect AI to reduce R&D costs within two years
(www.benchling.com). While these are self-reported, they are consistent with independent studies: for
example, one analysis found that NLP-based systematic review tools can halve the time required for
screening and eligibility assessment (journals.sagepub.com). Benchling interprets this as showing that AI
"creates real gains in discovery" by eliminating slow, routine tasks (www.benchling.com).

Meanwhile, academic evaluations of AI in literature research echo these findings. In his 2026 editorial,
Chandan K. Sen notes that AI-driven literature workflows can accelerate hypothesis generation, systematic
reviews and translational research (Sen). In practice, test cases of GPT-4 and similar models have
successfully replicated expert decisions in literature screens. For example, one pipeline using GPT-4 to sift
SARS-CoV-2 research sources achieved nearly 93% accuracy (F1≈0.88) compared to human reviewers
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(www.sciencedirect.com). The authors conclude – and industry leaders agree – that these results “highlight the
utility of ChatGPT in drug discovery” because such tools can rapidly filter and prioritize papers during fast-
moving situations (like a pandemic) (www.sciencedirect.com).

In a 2024 pilot, GPT-4 helped organize review topics, but could not accurately extract information for several
table columns. The study’s semantic similarity scores do not establish factual accuracy or general expert-level
synthesis (Wang et al.).

In short, the combination of market data (high adoption rates) and empirical trials (accuracy and
efficiency gains) paints a consistent picture: AI systems for literature review are delivering value in biotech
R&D today. Researchers across academia and industry report significantly reduced workloads and faster
insights when they leverage these tools (link.springer.com) (biodatamining.biomedcentral.com).

Many AI Tools Targeting Literature

The ecosystem of AI-powered tools for literature review has grown rapidly. Table 2 lists select platforms and
applications that exemplify current capabilities. These range from specialized systems for evidence synthesis
to general-purpose AI assistants:

Tool/Platform Function Typical Use Case

Elicit
(journals.sagepub.
com)

AI research assistant for literature search (Elicit
documentation); finds relevant papers, extracts key info,
traces claims to sources (journals.sagepub.com).

Automating literature review workflows,
screening results across hundreds of papers;
rapidly answering research questions.

Semantic Scholar AI-driven search with semantic understanding; generates
TLDR summaries of papers.

Quickly locating relevant research and getting
concise article summaries (NLP retrieval
(journals.sagepub.com)).

ResearchRabbit Builds interactive citation graphs; recommends related
articles.

Exploring “research pathways” via visual maps
of citation networks (journals.sagepub.com).

Scholarcy Summarization tool that highlights key points and creates
flashcards from papers.

Rapidly extracting key findings and data from
large document sets.

SciSpace
(Typeset)

AI-powered interactive reading/Q&A with PDF papers. Diving into complex papers by asking questions
directly to the system.

PubMedGPT /
Cure AI

Domain-specific LLMs/search over PubMed (or up-to-date
databases).

Advanced biomedical literature retrieval and
summarization.

Consensus Synthesizes statements and findings across multiple papers
(AI-driven literature synthesis).

Identifying consensus or conflicts across studies
(e.g. for evidence-based medicine).

Table 2: Example AI Tools for Literature Review and Knowledge Extraction (various sources
(journals.sagepub.com)). Each of the above leverages some combination of NLP, semantic search, or
retrieval-augmented generation to help scientists process literature faster. For instance, Elicit can automate the
entire screening process by using GPT-based queries to narrow down thousands of papers to key studies
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(journals.sagepub.com). Scholarcy and SciSpace focus on summarization of papers to speed initial
comprehension. These tools illustrate the rich toolkit available, and many teams use several in concert to
cover different aspects of the review workflow.

The tools listed in Table 2 have been validated in practice. Oxford PharmaGenesis, a major scientific
communications consultancy, reports using Elicit to “deliver literature reviews at unprecedented scale”
(elicit.com). Their team tackled 40 research questions across 500 papers in under one week, something that
would be impossible with purely manual methods (elicit.com). Elicit’s PDF-parsing and source-tracing
capabilities were specifically praised: it “nails” data extraction and always ties outputs back to the original text
(elicit.com). In another case, a startup combined AlphaFold structure predictions with generative chemistry and
AI review to find a new drug lead in 30 days (pmc.ncbi.nlm.nih.gov) – again highlighting that AI-driven literature
and data mining can cut lead invention time drastically.

Summary: Why Literature Review Wins

Given this evidence, several factors stand out for why AI in literature review is so dominant in biotech:

Clear ROI from Day One: Even a small AI assistant that cuts search time or pulls out key phrases can
save scientists hours per project. In contrast, more speculative AI tasks (like novel drug design) may not
show value immediately. Biotech leadership sees quick wins in literature work, driving adoption.

Trust in Data and Outputs: Results from reading published papers can often be verified by humans
(papers are public, references checkable). This builds trust. By contrast, an AI-generated molecule
needs real experiments to confirm. Scientists are more comfortable using AI to sift existing knowledge
than to create novel hypotheses without a check.

Training Data Availability: Literature-centric AI can be trained or fine-tuned on openly available corpora
(PubMed, preprints) and internal databases. So high-performance models and data pipelines already
exist. The biomedical community has even curated domain-specific embeddings (PubMedBERT,
BioGPT, etc.) that gear models for this content, whereas other domains lack such resources.

Rapid Technology Maturation: The sudden breakthrough of foundation models has aligned with the
needs of literature review. ChatGPT-type capabilities for summarization and Q/A were quickly co-opted
for research tasks. Many of the cited works (2024–2026) show that tools like GPT-4 have only recently
become good enough for high-stakes R&D use (biodatamining.biomedcentral.com)
(www.sciencedirect.com). Early commercial adopters (Benchling, Elicit) have aggressively built products
to exploit this moment.

It bears noting that literature review still requires human expertise. AI tools are assistants, not
replacements: every recommendation or summary is vetted by scientists. But by accelerating the grunt work—
reading, cross-referencing, summarizing—AI allows researchers to reach higher-level analysis faster. In effect,
it converts a widely recognized barrier (information overload) into a solvable process. The data so far suggest
this is the best case of AI in biotech today.
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3. Data Analysis and Evidence-Based Arguments
We now delve deeper into quantitative and qualitative evidence that literature review AI is both widespread and
effective. We first examine surveys and studies that enumerate adoption and impact, then discuss technical
assessments of AI performance on literature tasks. Throughout, we will critically appraise the data, noting any
limitations or uncertainties, and consider alternative viewpoints from existing literature.

3.1. Survey Data and Industry Reports

The Benchling 2026 Biotech AI Report is the most direct piece of evidence for current use-case popularity in
real organizations. This survey targeted biotech R&D teams already using AI in production and asked which
applications they had deployed routinely. It found that 76% of respondents were using AI for
literature/knowledge review (www.benchling.com) (see Table 1). In many ways, this number can be seen as
adoption across “AI-forward” companies, so it is not a random sample of all biotech firms. Nevertheless, its
insight is critical: among leaders and front-runners, literature review is essentially universal.

That same report further details why: “The first AI wins are here — embedded in scientist workflows and built
on trusted data” (www.benchling.com). Benchling highlights that these early-app wins yield measurable R&D
advantages: 50% of surveyed companies report that AI has already shortened their time-to-target
(www.benchling.com). The firm also notes that AI is poised to enable broad automation, citing consensus
among experts (e.g. BMS IT leadership) that AI is accelerating every part of drug discovery
(www.benchling.com). These industry voices underscore that the survey results aren’t mere hype: leadership
believes in the impact.

The Pistoia Alliance (an industry consortium) has also surveyed life science R&D professionals on AI. In its
2024 “Lab of the Future” survey (200 respondents) – which focused on general AI readiness – 68% of
scientists said they were already using AI/ML in their work, up from 54% the prior year
(www.pistoiaalliance.org). While that survey did not break down by use case, the jump itself (68% overall
usage) aligns with Benchling’s finding that literature review is a primary entry point for AI. Pistoia also reported
separately that 70% of professionals acknowledge AI’s potential but many struggle with implementation
issues (www.technologynetworks.com). This suggests that the recognition of financial or time benefits is
widespread, even if realizing those benefits can be harder.

One nuance from these surveys is that literature review as an AI use case is complementary to other tasks.
For instance, Benchling shows that after literature, the next most common usages are protein structure
modeling (71%) and scientific reporting/analysis (66%) (www.benchling.com). It’s telling that both of these
secondary uses also involve heavy data (X-ray structures, simulation, or textual results). Thus, literature
review tends to be one pillar of an AI-enhanced workflow. It may even feed the others: better literature
searches can identify new targets or help interpret structural predictions. Industry insiders note that adopting
one “killer app” like lit review builds confidence and infrastructure that paves the way for tackling the next apps.

However, not every survey is completely upbeat. Pistoia’s 2024 poll also asked about concerns: 63% of life
sciences experts worried that poor data quality could lead to incorrect conclusions from AI
(www.technologynetworks.com). In other words, the very issues that plague any AI project (data curation, bias,
transparency) are on practitioners’ minds. Another Pistoia press release (Feb 2024) found that only 9% of
respondents fully understand emerging AI regulations (EU/US), and 21% already feel regulations are hindering
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research (www.pistoiaalliance.org). These findings remind us that survey statistics on “adoption” or “usage”
must be read with caution: high usage may co-exist with uncertainty and uneven skill. Indeed, Pistoia noted
that a lack of AI literacy is growing as a barrier. So while adoption of lit-review AI is high, organizations also
recognize significant governance and capability challenges.

Finally, some caution is warranted regarding the benchmarking of adoption. The Benchling survey is effectively
a snapshot of frontrunners – roughly year-end 2025 data from companies already doing AI. It does not capture
more conservative organizations or those just starting AI. Thus, while we quote “76% adoption” for literature
review, this is adoption among AI-using biotechs, not adoption among all biotech firms (which would certainly
be lower). The phrasing “top use case (76% among AI-active companies)” is important. Nonetheless, similar
surveys of “all biotech” or “all pharma” typically find much lower absolute percentages if counting everyone, so
the Benchling result should be interpreted in context (it highlights where leading labs are focusing effort).

In summary, survey data consistently show that biotech R&D teams prioritize literature review when
deploying AI, and report real time/cost benefits from it. At the same time, experts note significant roadblocks
(data, skills, trust) that will shape how this area evolves. The remainder of this report uses these findings as a
foundation, and builds on them with deeper analysis and case studies.

3.2. Performance of AI in Literature Tasks

Beyond surveys, scientific evaluations tell us how well AI can actually do literature review tasks. Here we draw
on academic and industry studies that benchmark AI systems on screening, search, summarization, and
synthesis.

Screening and relevance classification. A core part of a systematic review is deciding which papers are
relevant or not. AI can assist by automatically classifying documents or generating search queries. In the GPT-
4 pandemic study (www.sciencedirect.com), the authors treated the problem as binary classification of
PubMed abstracts. They found that an optimized GPT-4 system could match human expert performance: for
SARS-CoV-2 literature, the AI achieved 92.9% accuracy (F1=88.4%) relative to human labels
(www.sciencedirect.com). On a harder dataset (Nipah virus research), scores were lower but still respectable
(accuracy 87.4%). These results are notable: they imply that ChatGPT-style models, with careful prompting,
can nearly replicate expert decisions on inclusion/exclusion tasks. This dramatically reduces manual screening
workload.

This aligns with the broader analysis by Adel et al. (2025) in AI & Society. They systematically examined 124
pieces of research on ChatGPT for literature reviews, focusing on tasks like query formulation, document
screening, and synthesis. They report that in structured screening tasks, AI performance is high: sensitivity
(recall) in screening titles/abstracts ranged from about 80–96% (link.springer.com). In other words, the AI
doesn’t miss many relevant papers. However, precision can suffer in “interpretive” tasks – e.g. when deciding
nuanced eligibility criteria – sometimes plummeting to single-digit percentages (link.springer.com). The
takeaway is that AI excels at casting a wide net in screening (good recall), but humans must still verify hits.

The same review finds huge workload reductions (60–65% average) with AI assistance (link.springer.com).
This meshes with bench reports of faster-to-target. It also underscores why literature review adoption is so
compelling: even a partial automation of screening can save the majority of effort.
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Summarization and synthesis. Wang et al.’s pilot found that GPT-4 could help authors organize review
topics. Its semantic similarity scores measured similarity to the benchmark text, not content quality; GPT-4 also
failed to extract information accurately for several table columns (Wang et al.).

A study by Chelli et al., published in May 2024 and testing July 2023 model versions on reference generation
for 11 systematic reviews of rotator cuff pathology, classified 91.4% of Bard references (95/104), 39.6% of
GPT-3.5 references (55/139), and 28.6% of GPT-4 references (34/119) as hallucinated. These are model-
specific reference-generation results, not a ChatGPT summarization error rate (Chelli et al.).

In practice, this means scientists must treat AI output as a first draft or suggestion, not final truth. Many of the
tools in Table 2 address this by providing source links or GRA (grounding) features. For example, Elicit
“transparently cites each AI-generated claim back to original papers” (journals.sagepub.com).

Another angle is the specificity of the domain. Biomedicine is rich in terminology, abbreviations, and subtle
distinctions. Domain-specific models (e.g. BioGPT, SciBERT) help but are still imperfect. Even a high general
accuracy statistic like 92% may hide errors in those tricky cases that matter clinically. Thus, while the quantity
of literature that AI can quickly process is staggering, the quality is still bounded by the need for human
oversight. In summary, evidence suggests that AI can reliably handle much of the mechanical work of evidence
synthesis (finding, grouping, summary) (biodatamining.biomedcentral.com) (journals.sagepub.com), but final
review and interpretation must be expert-driven.

3.3. Balanced Perspectives

To ensure comprehensiveness, we consider counterpoints and caveats around these claims. First, as
mentioned, small-scale studies of GPT-like models may not capture all real-world variability. The high
performance in screenings above depends heavily on prompt engineering and model version (models
accessed through the OpenAI API) (www.sciencedirect.com). Without expert prompt design and careful
configuration, performance can be lower. Surveys like Benchling’s reflect what is achieved at best-performing
companies, not what every user sees on first try.

Second, we note that AI tools are often one part of a larger process. Organizations that report “faster time-to-
target” often combine literature AI with data integration, search of proprietary databases, and human
deliberation. It would be simplistic to credit AI alone for a discovery; often it is AI plus better lab processes.
Nevertheless, AI is the enabler that makes those accelerated timelines possible.

Third, some caution voices exist. A recent article in AI & Society criticizes too much hype around ChatGPT,
arguing that claims of reliability are overstated (link.springer.com). For example, while the average workload
reduction was 60–65%, the article also found cases where precision (specificity) was extremely low, meaning
many irrelevant studies would still require human curation. The authors conclude that AI is not yet a
standalone scholar and emphasize hybrid human–AI workflows with strong oversight (link.springer.com).
This perspective does not deny the utility of AI, but it warns practitioners to maintain scientific rigor: use AI to
assist, not wholly automate sensitive analyses.

Finally, ethical and regulatory issues temper the discussion. As the Pistoia survey around Feb 2024 found,
legislation is not keeping pace. Only 9% of professionals felt well-informed about new AI laws
(www.pistoiaalliance.org). Moreover, 21% of respondents said existing regulations were blocking their research
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(www.pistoiaalliance.org). In pharma, concerns about patient data privacy, clinical safety, and IP can all affect
how literature AI is used (e.g. scanning electronic health records or proprietary trial data). These factors
introduce uncertainties about long-term adoption in certain applications. Nevertheless, for open literature,
regulation is less of a barrier: summarizing published papers does not usually raise legal issues.

In conclusion, the evidence is strong that AI can and does improve literature review speed and coverage in
biotech. Yet it is not a silver bullet and must be deployed thoughtfully. We move next to concrete examples that
illustrate both the power and the workflow integration of AI in literature review and adjacent tasks.

4. Case Studies and Real-World Examples
To illustrate how AI-driven literature review works in practice, we present several case studies—from startups
to big pharma—that showcase both successes and lessons learned. Each exemplifies a different aspect of AI-
assisted review.

4.1. Rapid Screening with GPT-4 (Pandemic Response)

In International Journal of Medical Informatics (2024), Yang et al. demonstrated an automated pipeline for
literature screening using GPT-4 (www.sciencedirect.com). They applied it to identify drug targets for emerging
viral pathogens. The workflow was as follows: start with a broad PubMed keyword search on a virus (e.g.
“SARS-CoV-2”), gather hundreds of abstracts, then feed these to GPT-4 with engineered prompts asking
whether each paper described a valid drug target for the virus. The results were then compared to human
expert labels.

Outcome: The AI system achieved 92.87% accuracy (F1=0.8843) on SARS-CoV-2 literature, and 87.4%
accuracy (F1=0.7390) on Nipah virus – where the literature is much sparser (www.sciencedirect.com). These
numbers are remarkably high for an automated text system. The authors emphasize that GPT-4 “performed
close to the level of human expert reviewers” in filtering relevant studies. The work’s Highlights section even
states: “Our automated pipeline performs close to the level of human expert reviewers for both [viruses]”
(www.sciencedirect.com).

Significance: This case shows that modern LLMs can tackle real biotech literature tasks with rigorous
benchmarks. In a simulated drug-discovery context, the GPT-4 pipeline could reduce the pool of papers
needing full review by an order of magnitude – e.g. from 250 COVID papers down to a manageable subset.
The authors explicitly note the benefit: “the study highlights the utility of LLMs for rapid drug discovery…
especially for pandemic response” (www.sciencedirect.com). The study evaluated automated screening
against human expert labels (Yang et al.).

Caveats: The screening inputs were each article’s title, abstract and available keywords, extracted from the
collected PubMed records (Yang et al.).

4.2. Automated Review Article Generation

In a pilot study published in BioData Mining (2024), Wang et al. evaluated GPT-4’s ability to write sections of
a scientific review article (biodatamining.biomedcentral.com). This experiment was set up as follows: the
authors took two existing cancer-therapy review papers as “ground truth”. For one paper (BRP1), they
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uploaded all 113 reference articles into GPT-4 and asked it to generate an outline and content for a review
titled “The Spectrum of Sex Differences in Cancer”. They then compared the AI’s output to the human-
authored paper in terms of coverage and wording.

Outcome: GPT-4 was able to generate a section- and subsection-level outline that covered the same topics
as the original review. It produced nine main sections and twelve subsections, many matching those chosen by
the human authors (biodatamining.biomedcentral.com). Qualitatively, the authors found that GPT-4 could
“effectively summarize the key points from a comprehensive list of documents,” and that with its assistance,
“authors can swiftly summarize a list of main topics for further refinement” (biodatamining.biomedcentral.com).
Quantitatively, they report a semantic similarity score of ~0.75 between the AI-generated text and the original
paper’s text on corresponding points (biodatamining.biomedcentral.com). In plain terms, the model produced
prose that was very close in meaning to the published sections.

A second experiment in the same study looked at more detailed content generation (text for each subsection).
GPT-4 again achieved a mean similarity score close to 0.75–0.76 compared to reference content
(biodatamining.biomedcentral.com). While not perfect, this performance was “akin to that of a human scholar”
according to the authors. They conclude: “GPT-4 has demonstrated adequate capability” to generate review
content (biodatamining.biomedcentral.com).

Significance: This case is one of the first peer-reviewed demonstrations that an LLM can draft a literature
review with moderate accuracy. For biotech R&D, it suggests that a scientist could ask an AI assistant to
outline the key findings in a field, then edit and refine the draft, rather than starting from scratch. In fact, the
authors describe the ideal workflow as a collaboration: the AI “sorts and summarizes articles” and the human
author does high-level analysis and editing (biodatamining.biomedcentral.com). This human-in-the-loop model
is exactly how many teams envision using AI tools today: as productivity enhancers for writing.

Caveats: The authors stress that similarity scores only measure semantic overlap, not factual completeness.
Importantly, they recommend that GPT-generated summaries should be validated by humans (“the reference-
based content generation raised concerns” (biodatamining.biomedcentral.com)). They warn that AI might miss
nuances of methodology or generate plausible-sounding but incomplete statements. Thus, while the study
shows promise, it also reinforces that AI outputs for review writing should be used cautiously.

4.3. Industry Adoption: Oxford PharmaGenesis Case Study

In industry, the deployment of AI for literature review is already happening at scale. Oxford PharmaGenesis – a
scientific communications consultancy advising top pharma companies – provides a concrete example. In a
published case study, their team described using Elicit’s AI-assisted platform to vastly accelerate client
projects (elicit.com).

Challenge: Pharma clients frequently request large literature reviews. In one example, a client wanted a
targeted review on dyslipidemia treatments. The team initially found 26,000 potentially relevant
papers in their search (elicit.com). Manually screening that many would be infeasible: “the discovery and
extraction phase consumes a lot of expert resource that could be better spent on analysis” (elicit.com).
Typically, without AI they might narrow the search by iterative scoping, but this risks missing important
findings.
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AI Solution: The Oxford team piloted Elicit. Elicit is a tool that parses PDFs and extracts answers to
specific questions, returning clear citations. After implementing Elicit, they communicated: “Elicit’s tech is
just better for data extraction” (elicit.com). The platform allowed them to input open-ended research
questions and have the AI screen and summarize evidence from the full corpus of thousands of papers.
They noted that Elicit successfully handled PDF parsing (historically problematic for AI) and reliably
traced every fact back to its source, which is crucial for trust (elicit.com).

Results: With Elicit, Oxford PharmaGenesis could meet an ambitious timeline. They reported that “we
initiated the project on a Monday, and [the client] asked for results by Friday”. By Monday, they had
loaded all relevant articles; by Thursday, with Elicit plus human validation, they delivered a first draft of
data extractions (elicit.com). They essentially completed in 4 days what would normally take weeks.
Over the whole collaboration, they “completed a rapid literature review investigating 40 research
questions across 500 papers in under a week” (elicit.com). These figures illustrate an unprecedented
scale of literature analysis made possible by AI.

User Feedback: Key individuals praised the AI’s reliability. Tomas Rees, Innovation Director at OP, said
Elicit’s results were traceable and reliable enough to rely on during client delivery (elicit.com). Kim
Wager, Scientific Director, highlighted how this capacity removed previous bottlenecks: “These [reviews]
can range from comprehensive analyses… Whatever the need, the scale is limited by the capacity of
experts to screen and extract” (elicit.com). In other words, they see AI as removing the “capacity”
limitation on scale.

Learnings: This example underscores the tangible benefits: the firm can take on many more projects of higher
complexity, and adapt quickly to client needs, because AI handles the grunt work. It also highlights best
practices: human oversight remained vital (scientists validated all extractions), and the trustworthiness came
from the tool’s ability to cite sources (anything generated by Elicit could be easily verified against the original
papers (elicit.com)). The team noted that they tested other AI tools (unspecified) but found they did not
improve the most laborious step (extraction) as Elicit did (elicit.com).

In sum, the Oxford case shows that AI for literature analysis at scale is already production-ready in industry.
Leading consultancies and presumably many pharma R&D groups have started to integrate such tools into
their pipelines. The result is dramatically higher throughput for evidence synthesis.

4.4. AI in Structural Biology (Beyond Literature Review)

While the focus here is on literature review, it is worth noting a related success story in biotech AI: structural
biology. DeepMind’s AlphaFold 2 (2020) and related tools have transformed protein structure prediction, and
this is becoming a top AI use case (71% adoption in the Benchling survey (www.benchling.com)). A published
example of this synergy is the AlphaFold-powered drug discovery case by Ren et al. (2023)
(pmc.ncbi.nlm.nih.gov). These scientists used AlphaFold (free database of human proteome structures) to feed
into a generative AI platform (Chemistry42) and support a full drug discovery pipeline. Within 30 days, they
identified a new small-molecule inhibitor (Kd ~9 μM) against a novel target (CDK20) that had no previously
known structure (pmc.ncbi.nlm.nih.gov). AlphaFold’s predicted protein structure was crucial in letting the AI
design strategy begin its search.
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As the authors state, this was “the first demonstration of applying AlphaFold to the hit identification process in
drug discovery” (pmc.ncbi.nlm.nih.gov). The accelerated timeline and reduced compound synthesis (only 7
compounds for the first hit) underscore how automated structure knowledge (essentially a form of “AI reading”
of the literature of proteins) can speed up R&D. While this example goes beyond text mining (involving
generative chemistry), it still rests on AI extracting biological insight (structure) from published data. It reflects
the same trend: tasks built on existing knowledge (here, predicted models of proteins) yield early AI dividends.

5. Implications and Future Directions
Having established that literature review is the current flagship AI application in biotech, we now consider what
comes next. This encompasses emerging use cases, the challenges in extending AI further, and the broader
impact on research practice. The insights below draw on technology roadmaps, survey foresight, and expert
commentary.

5.1. Broader AI Applications on the Horizon

The Benchling report and industry thought-leaders identify several areas poised for growth:

Complex Data Integration: The next frontier beyond text is multimodal AI. Biotech produces diverse
data types (genomic sequences, images from microscopes, chemical structures, time-series assay data,
etc.). Models that can combine these modalities promise richer insights (e.g. linking gene expression
with cellular imaging to predict phenotype). Companies mention “multimodal models” as a top area of
investment (www.benchling.com). Progress is being made (e.g. OpenAI’s GPT-4 Vision, bespoke
biomedical multimodal models), but integrating heterogeneous R&D data remains challenging. Unlike
text, such data often lack standard formats or shared semantics, requiring new ontologies and
integration tools.

AI-driven Experimentation (“Co-scientists” and Autonomous Labs): A growing vision is for AI to not
only analyze data but to propose and even execute experiments. Conventionally, literature suggests that
the path forward is moving from “task-level copilots” to “end-to-end agentic workflows”
(www.benchling.com) (www.linkedin.com). Benchling explicitly mentions “co-scientist” agents on the
horizon (www.linkedin.com). These would be AI systems that can design an experiment, run simulations
(or control lab robots), and interpret results with minimal human input. For example, a co-scientist might
monitor an assay in real time and adjust conditions to optimize yield. Early prototypes (MIT and Berkeley
projects, Tesla of labs, etc.) are in research phase, but we expect increasing adoption of automated wet-
lab platforms guided by AI.

Advanced Predictive Modeling (Generative Design, ADME, etc.): The Benchling survey reports
lower uptake of generative design and ADME than of literature review in this sample
(www.benchling.com). This is not surprising: generative drug design (create new molecules) is
immensely complex and data-hungry. Only premature attempts have been deployed widely. However,
these remain areas of huge interest. As data matures (e.g. more structure-activity data, better
pharmacokinetic models), adoption in these domains is expected to rise. Indeed, reports cite that many

IntuitionLabs

Pharma & biotech AI consulting · Custom software · Data engineering Page 15 of 20

https://pmc.ncbi.nlm.nih.gov/articles/PMC9906638/#:~:text=synthesizing%207%20compounds,identification%20process%20in%20drug%20discovery
https://www.benchling.com/biotech-ai-report-2026#:~:text=Adoption%20drops%20in%20areas%20like,orchestration%2C%20manufacturing%20optimization%2C%20multimodal%20models
https://www.benchling.com/biotech-ai-report-2026#:~:text=Adoption%20drops%20in%20areas%20like,orchestration%2C%20manufacturing%20optimization%2C%20multimodal%20models
https://www.linkedin.com/posts/ashu-singhal-1b58a18_weve-just-published-our-2026-biotech-ai-activity-7414686835278270464-zj8B#:~:text=infrastructure,The%20report%20shows%20how
https://www.linkedin.com/posts/ashu-singhal-1b58a18_weve-just-published-our-2026-biotech-ai-activity-7414686835278270464-zj8B#:~:text=infrastructure,The%20report%20shows%20how
https://www.benchling.com/biotech-ai-report-2026#:~:text=AI%20hits%20a%20ceiling%20in,complex%2C%20regulated%20science


biotechs are investing in ADME optimization and multimodal drug design next (www.benchling.com).
Progress here will likely require not just better algorithms but also extensive validation pipelines (both in
silico and in labs).

Workflow Orchestration and Ops: The Labs and IT are also looking at operational AI: automating lab
scheduling, resource allocation, manufacturing processes, and compliance workflows. Benchling calls
out “workflow orchestration” and “manufacturing optimization” as planned growth areas
(www.benchling.com). AI in these areas will link the bench and the boardroom: e.g. smart LIMS systems
that prioritize experiments, or AI-driven supply chain for biologics. These are multidisciplinary
challenges, involving not only AI but also cyber-physical systems (robotics) and regulatory compliance.

The unifying theme is that future uses of AI will require deeper integration and better data foundations.
Tasks like lit review are “task-level” – the AI takes a specific input (papers) and gives a specific output
(summaries). The ambitious next steps involve coordinating across tasks and data sources. Realizing them will
hinge on closing the gaps identified in surveys: standards, FAIR data practices, and cross-industry
collaboration to share knowledge (Pistoia Alliance and others emphasize this).

5.2. Organizing R&D for AI (“Builder Culture”)

To seize these opportunities, biotech organizations are reorganizing themselves. One clear shift is in talent
strategy. In Benchling’s surveyed organizations, internal upskilling of existing scientific staff was the leading
reported source of AI talent (67%) (www.benchling.com). In other words, companies are creating “hybrid
scientists” who combine domain expertise with AI/ML skills. This builder culture means scientists learn to use
(and even develop) AI tools, rather than relying solely on IT departments. Interdisciplinary teams (“sprint
groups” or labs-of-the-future) are living examples of this trend (www.benchling.com).

In practical terms, this means more internal training programs, hiring of computational biologists, and cross-
functional projects. It also means that AI and data infrastructure initiatives must be scientist-friendly. As one
quote from Benchling’s report highlights, the most pressing challenges are organizational: “Technical
infrastructure is as important as pipeline”. Many teams now measure their digital maturity: do they have unified
data lakes? Do ELNs and LIMS integrate seamlessly with AI pipelines? Leadership understands that buying
point tools is not enough – they must build an AI-ready ecosystem.

Benchling’s published report quotes Karen Akinsanya of Schrödinger on balancing excitement about
computation in drug discovery with rigorous validation (Benchling). Executives from companies like
Schrödinger stress that the big challenge is not getting AI tools, but connecting them across the
organization (www.benchling.com). In practice, biotech firms are creating dedicated AI/ML groups, data
governance boards, and cross-lab pilot projects to iteratively build these connections. This “fail-fast” attitude –
test new AI capabilities quickly in a safe environment – is being cited as a best practice for moving from pilots
to enterprise AI.

5.3. Data and Infrastructure Bottlenecks

Even as culture shifts, a consistent theme is that data remains the bottleneck. Many biotech legacy systems
were not built for AI: data are siloed in PDFs, spreadsheets, or proprietary formats. Benchling emphasizes that
“static, siloed data environments” are the single largest barrier to AI projects today (www.benchling.com).
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Indeed, the report states flatly: the number-one reason AI pilots fail is poor data quality
(www.benchling.com).

This has particular relevance for literature review. On the one hand, published literature is relatively
standardized (digital journals, consensus metadata). But even here, problems remain: journal paywalls may
limit aggregate analysis, and older PDFs can have OCR issues. Many companies are tackling this by building
internal knowledge bases (curated corpora of literature) and semantic layers. Projects like the Pistoia
Alliance’s Unified Data Model (UDM) aim to create common schemas so that literature facts can be directly
linked to lab data. Benchling’s own AI platform is adding features to parse PDFs, annotate literature, and
integrate with in-house notebooks.

Without high-quality text corpora, even the best LLMs struggle. For broader AI tasks, data issues intensify
(e.g., fragmented assay results, non-standard metadata). The optimistic vision is that 2025–2030 will see a
wave of data-fairification in biotech, partly driven by the demand for AI. Responses from our sources
emphasize the need for standardized ontologies, open data licenses, and better data-sharing incentives (such
as pre-competitive consortia). As one leader noted, progress has been made but “40% of respondents still say
their company lacks standards for data and metadata” (www.pistoiaalliance.org). This must improve if future
use cases are to succeed.

5.4. Trust, Ethics, and Regulations

Literature reviews touch indirectly on human subjects (literature often includes clinical studies) and directly on
intellectual capital. Thus, AI usage in this domain interacts with privacy, bias, and compliance concerns. So far,
summarizing public literature has few direct ethical issues (aside from risk of misinterpretation). But as AI use
in R&D grows, regulators are paying attention.

As of 21 October 2026, the EU AI Act is already applicable with exceptions: prohibited practices and AI literacy
obligations applied from February 2025, and obligations for general-purpose AI models from August 2025;
high-risk systems follow later application dates under the Commission’s timetable (European Commission).
Separately, on 14 January 2026, FDA and EMA released ten guiding principles for AI used to generate
evidence across all phases of the drug product life cycle (FDA announcement). Our sources indicate that life
sciences professionals are already worried about these legal unknowns (www.pistoiaalliance.org). The Pistoia
press release warns that ambiguous regulations could stall AI adoption unless industry and regulators
collaborate (www.pistoiaalliance.org). Therefore, companies are establishing internal governance — requiring
that all AI literature summaries used for decision-making must be verifiable and linked to sources, for example.

On the ethical side, concerns about hallucination or bias (see Section 3.2) have motivated best practices.
Some journals now issue guidance on AI use: for example, authors of research papers using tools like
ChatGPT must disclose which parts were AI-assisted and how they verified content. Chelli et al. recommend
thorough validation of references generated by LLMs (Chelli et al.). In short, “trust but verify” is the emerging
mantra: use AI for efficiency, but require explainability and audit trails.
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5.5. Skills and Training

Finally, the human dimension: AI adoption in biotech rests on people learning new skills. As Benchling’s data
show, successful organizations overwhelmingly build up AI talent internally (www.benchling.com). This means
cross-training biologists in data science, and conversely, data scientists in biology. Some companies have
instituted formal “AI for Biologists” training programs, running workshops on how to prompt LLMs for research
questions, how to curate datasets, and how to interpret AI outputs. Others are recruiting “bioinformaticians”
with dual backgrounds.

Our sources indicate that, by mid-2025, many biotechs expected to expand AI budgets notably, but primarily
for personnel and infrastructure – not necessarily for buying more licenses (www.linkedin.com). The strategic
shift is clear: AI is not just another piece of software, but a new way of working. Benchling identifies internal
upskilling as the leading source of AI talent in its surveyed organizations (Benchling). Supporting this, the
Benchling report notes increased interest in training on FAIR data and ontologies (www.pistoiaalliance.org), as
well as use cases for which to allocate compute resources.

In summary, the “what comes next” is not just about technology, but about building a biotech ecosystem –
data, tools, processes, and people – that is AI-native. Wang et al. describe review composition as a
collaboration in which ChatGPT organizes material and the author supplies high-level analysis and editing
(Wang et al.). The stage is being set for AI to move from being a tool for isolated tasks to being the backbone
of the entire R&D operation. We will now conclude by summarizing these points.

6. Conclusion
In Benchling’s November 2025 survey of about 100 AI-active U.S. and European biotech and pharma
organizations, literature and knowledge extraction was the highest-reported use case (76%) (Benchling).
This popularity is driven by practical factors: there is a wealth of digital publications to mine, and modern NLP
tools can handle these text-centric tasks well. Biotech scientists have already integrated AI search,
summarization, and data extraction into their workflows, reporting significant time savings and accelerated
discovery as a result (www.benchling.com) (journals.sagepub.com). Indeed, projects that would have once
taken weeks or months (screening 500 papers, writing a review outline, etc.) can now be done in days with AI-
assisted methods (elicit.com) (biodatamining.biomedcentral.com).

At the same time, challenges remain. AI outputs must be checked for accuracy; data quality and infrastructure
lags; and staff require training and best practices to use these tools effectively. Surveys reveal that
professionals understand the promise of AI but worry about trustworthiness and regulation
(www.technologynetworks.com) (www.pistoiaalliance.org). These concerns have not meaningfully slowed
adoption, but they do shape the unfolding approach.

Looking forward, the biotech industry is already plotting its next moves. Beyond hit-the-ground work like lit
reviews, companies plan to tackle more complex AI problems: integrating multimodal data, automating
experiments, and designing molecules in silico. These tasks are harder – requiring better data foundations,
stronger computation, and closer human–AI collaboration. The next wave of “killer apps” may well be 5–10
years away, but early signposts (e.g. AlphaFold-enabled design, AI in formulation, etc.) are visible in the
literature and press (pmc.ncbi.nlm.nih.gov) (link.springer.com).
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In conclusion, the story of AI in biotech over the past few years has been a story of rapid niche wins paving
the way for broader transformation. Literature review is the #1 use case now because it was ripe and ready,
and because scientists demanded relief from information overload. As those demands are met, attention will
naturally shift to the next bottlenecks. For sponsors of R&D – from start-ups to Big Pharma – the clear
message is: invest in AI for literature and data work today, while preparing organizationally for AI to soon
become integrated end-to-end. The data and expert insights reviewed here suggest that by doing so, the
industry can accelerate drug discovery, lower costs, and ultimately bring therapies to patients faster, while
staying mindful of accuracy and ethics.

References: All statements above are backed by published sources. Key references include: the Benchling
2026 Biotech AI Report (www.benchling.com), academic reviews of AI in scientific literature
(journals.sagepub.com), specific studies on GPT-4 for biomedical review (www.sciencedirect.com)
(biodatamining.biomedcentral.com), and industry reports (Pistoia Alliance surveys
(www.technologynetworks.com) (www.pistoiaalliance.org) and case studies (elicit.com)). Together, these
provide a comprehensive view of why literature review leads today and how biotech R&D is gearing up for the
AI-powered future.
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About IntuitionLabs
IntuitionLabs is an AI consulting, custom software development and data engineering firm serving
pharmaceutical, biotechnology, medical-device and other life-science organizations. We work with clinical,
regulatory, medical-affairs, commercial, quality and IT teams to connect technology decisions with the work
people need to accomplish.

AI consulting and adoption

Our AI enablement services cover readiness assessments, use-case selection, governance and policies, team
workshops, adoption measurement and ongoing advisory support. We help organizations structure the
information layer behind AI: source material, context, permissions and maintained knowledge that make
generated answers useful and reviewable. Private LLM inference and hosted AI options support teams
evaluating how to operate AI with appropriate control over their data and infrastructure.

Software, data and life-science workflows

IntuitionLabs develops custom software for pharma and biotech, integrates enterprise systems, and builds
data engineering and business intelligence solutions. Areas of focus include AI agents, regulatory research,
medical writing, medical affairs, CMC information, competitive intelligence and clinical-document workflows.
Our eTMF intelligence work includes cross-system reconciliation and inspection-readiness support.

Enterprise platforms and regulated delivery

We provide Veeva services, application support, managed services, integrations and custom applications,
alongside enterprise content work involving platforms such as Egnyte. For regulated workflows, our services
include GxP enablement, computer-system validation and software development addressing 21 CFR Part 11
requirements. The applicable controls, validation responsibilities and acceptance criteria are defined for each
engagement.

Work with IntuitionLabs

Explore AI enablement, pharma and biotech software development, data engineering and BI, and Veeva
services. Contact IntuitionLabs to discuss your workflow, information sources and implementation needs.

IntuitionLabs publishes educational research to help life-science teams make informed technology decisions.
Coverage of a product or organization does not imply a client relationship, endorsement or partnership.

Website: https://intuitionlabs.ai

This article is educational. Verify consequential medical, legal, financial, regulatory and technical decisions with appropriate professionals and the
cited primary sources. Company services are described separately from the article's research findings.
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