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Executive Summary

The exponential growth of biomedical publications has made literature search both critical and challenging.
PubMed alone contains over 36 million citations (growing by ~1 million per year) (pmc.ncbi.nlm.nih.gov), and
typical keyword queries yield hundreds or thousands of results, of which fewer than 20% beyond the first page
are ever reviewed (pmc.ncbi.nlm.nih.gov). In response, a new generation of free Al-driven tools has emerged
to augment traditional search. These tools use machine learning, natural language processing, and large
language models (LLMs) to improve retrieval from PubMed and related resources. They transform physician or
researcher queries into optimized searches (often mapping to MeSH terms), filter and rank results by
relevance, and even synthesize answers or summaries. For example, according to its official FAQ, PubMed.ai
combines fine-tuned language models with MeSH term transformation to extract information from biomedical
abstracts. This describes the vendor’s stated methods rather than independently verified retrieval accuracy.
Consensus.app is an Al search engine indexing over 200 million scientific articles (including PubMed) and
extracts high-level “evidence-conclusion” snippets (www.searchyour.ai). Tools like Elicit enable automated
literature reviews by semantically querying databases and extracting key data (e.g. PICO components) from
abstracts (ought.org). Knowledge-recommendation platforms such as ResearchRabbit, Connected Papers,
and Semantic Scholar visualize citation networks to rapidly identify related papers. Finally, specialized mining
tools (e.g. PubTator, Anne O’Tate, SciSight) augment search by tagging biomedical entities (genes, diseases,
variants) and constructing knowledge graphs.

Despite these advances, evidence on real-world performance is mixed. Rigorous evaluations find that, while Al
assistance can greatly speed search and synthesis, it can also introduce errors. Case studies highlight both
promise and pitfalls. On the other hand, specialized Al approaches can excel: for example, the GeneGPT
system taught an LLM to call NCBI APIs and outperformed the evaluated GPT-3 and ChatGPT baselines on
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genomics Q&A (arxiv.org). Similarly, a contrastively pretrained retriever and reranker trained on 255 million
PubMed click logs (MedCPT) set new state-of-art in biomedical IR, beating larger GPT-style models
(arxiv.org).

This report provides an in-depth overview of the current landscape of free Al tools for PubMed and
biomedical literature search. We first review the historical context and limitations of traditional search, then
categorize modern tools by their use cases: (1) Evidence-Based Medicine (clinical question answering), (2)
Precision Medicine & Genomics search, (3) Semantic Question-Answering search, (4) Literature
Recommendation (topic- and article-based), and (5) Literature Mining (entity and relation extraction). In each
category, we analyze representative free tools (websites, open platforms, or open-source systems),
summarizing their capabilities, underlying methods, and limitations. Where available we present usage
statistics, evaluation results, and expert commentary. We also include case studies illustrating how these Al
tools perform on real biomedical queries. Finally, we discuss broader implications: how Al reshapes the
research workflow, current challenges (hallucinations, validation, bias), and future directions (multimodal
integration, large pretrained biomedical models, user-friendly interfaces). Our claims are supported by
extensive citations to the biomedical informatics literature (pmc.ncbi.nlm.nih.gov) (www.searchyour.ai)
(pmc.nchi.nim.nih.gov) (arxiv.org) (journals.sagepub.com) (www.ncbi.nim.nih.gov).

Introduction and Background

Biomedical literature has historically been the primary repository of scientific knowledge. By late 2025,
PubMed and related databases index well over 36 million articles (pmc.ncbi.nlm.nih.gov), with more than 1
million new citations added each year. This unprecedented volume reflects both active research (e.g.,
genomics, clinical trials, epidemiology) and urgent situations (e.g., the COVID-19 pandemic) that spur rapid
dissemination. For example, NLM added 1.4 million citations to PubMed in FY 2020, bringing its collection to
more than 31 million bibliographic citations (NLM FY 2022 Congressional Justification). Traditional keyword-
based search was never designed for such scale, and users struggle to keep up. Lu et al. note that “fewer than
20% of the articles past the top 20 results are ever reviewed” (pmc.nchi.nim.nih.gov), underscoring how useful
results may be buried under mountains of noise.

Consequently, the biomedical community has continually sought better search technologies. The advent of
PubMed in 1996, with its controlled vocabularies (MeSH indexing) and advanced query capabilities,
represented early progress. Over time, PubMed added its Al-based “Best Match” ranking model in 2017 based
on user analysis (pmc.ncbi.nim.nih.gov), and partnerships yield visible full-text links (e.g., PubMed Central).
Yet fundamental limitations remain: PubMed returns lists of articles (by date or term relevance) with minimal
summarization or semantic interpretation (pmc.ncbi.nim.nih.gov) (www.sciencedirect.com). Users must often
craft complex Boolean queries and sift through abstracts manually, a process that is time-consuming and
error-prone.

In parallel, the field of artificial intelligence — particularly natural language processing (NLP) and machine
learning (ML) — has matured substantially. Large language models (LLMs) like GPT, specialized biomedical
transformers (BioBERT, SciBERT, BioGPT), and knowledge-mining techniques now enable machines to
“understand” text more deeply. These advances inspire new literature search paradigms beyond keyword
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matching. For instance, modern Al can process a query phrased as a natural question, retrieve semantically
relevant passages, and synthesize an answer or summary. These capabilities have given rise to a rich
ecosystem of search tools tailored to biomedical needs (www.sciencedirect.com).

Scope of this report. We survey the landscape of free Al tools that assist in PubMed and biomedical literature
search. (Other surveys cover general Al-assisted search, but our focus is on tools specifically targeting the
biomedical domain.) We adopt a use-case framework similar to recent reviews (www.sciencedirect.com),
dividing tools into five categories: (1) Evidence-based Medicine (EBM) search, (2) Precision Medicine &
Genomics search, (3) Semantic search and question-answering, (4) Literature recommendation (topic/article),
and (5) Literature mining (entity-relation extraction). We also devote sections to general-purpose LLMs (e.qg.
ChatGPT) when used as search assistants or summarizers, and on several case studies. In each section we
describe free tools, analyze their performance (where data exist), and discuss strengths/limitations. We
emphasize evidence-backed analysis: citing studies, benchmarks, or usage metrics. Contextual background
(history, challenges) and future prospects round out the discussion.

By covering both established systems and bleeding-edge Al approaches (including experimental chatbots and
self-serve APIs), this report aims to be a comprehensive reference for researchers and clinicians interested in
leveraging Al for biomedical literature retrieval. We emphasize free access (no subscription fees) to maximize
relevance. (Some discussed tools have premium tiers, but all at least offer significant free functionality.) In
accordance with best practices, we warn of potential pitfalls such as factual errors (hallucinations), limited
coverage, or over-reliance on automations, as highlighted by recent studies (www.ncbi.nlm.nih.gov)
(pmc.nchi.nim.nih.gov). The goal is to provide a balanced, in-depth assessment of where free Al search tools
stand today, and how they might evolve.

Historical Context and Traditional
Biomedical Search

Biomedical literature search dates back to the 1960s with MEDLARS (Medical Literature Analysis and
Retrieval System), the predecessor of MEDLINE/PubMed. These early systems digitized abstracts and
enabled keyword and MeSH (Medical Subject Headings) queries. In 1996 PubMed was launched, providing
free web access to MEDLINE and eventually other NLM resources (PubMed Central, Bookshelf). PubMed’s
interface allowed boolean queries, filters by publication date or type, and gradually added features like Clinical
Quieries filters and Single Citation Matcher. Over time it began using relevance ranking (Best Match) trained on
user click data (pmc.nchi.nlm.nih.gov), but fundamentally remained a keyword search returning lists of
“matching” articles.

Despite incremental improvements, two big trends started to strain PubMed’s paradigm. First, data explosion:
biomedical publications have been growing exponentially (e.g. Patient safety events, imaging, genetics, etc.),
making it impossible to read even a fraction of relevant papers. For example, Li et al. (2021) and others have
noted that PubMed indexed ~34 million records by 2022, climbing by ~1-1.5 million per year
(journals.sagepub.com). Second, query complexity: many information needs (especially in clinical or
genomics contexts) are difficult to express as simple keywords. Clinicians often want evidence that
incorporates a specific population, intervention, comparison, and outcome (PICO) structure
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(pmc.nchi.nim.nih.gov) (journals.sagepub.com), or relationships between entities (e.g. gene-disease
connections) not captured by exact keyword matching. In response, specialized search engines emerged,
such as the NLM PubMed Clinical Queries interface and controlled-vocabulary (MeSH) search, to yield more
structured results. However, these still require users to frame queries in somewhat formal ways (using MeSH
tags, Boolean operators, field specifiers, filters, etc.), which can be non-intuitive.

A notable example of limitations occurred during the COVID-19 pandemic. Because of the flood of SARS-CoV-
2 papers, traditional search with simple keywords was inadequate. LitCovid (NCBI/NLM’s COVID-19 literature
hub) was launched to tackle this: it manually curates and categorizes COVID-19 articles into topics
(Mechanism, Transmission, Diagnosis, Treatment, etc.), enabling more efficient retrieval. Indeed, Chen et al.
showed that LitCovid identified =30% more relevant COVID papers than a complex Boolean PED query
(pmc.nchi.nim.nih.gov). This kind of specialized hub (and others like CoronaCentral, COVID-SEE,
COVIDScholar) exemplify how curation and topic-specific Al can enhance search beyond raw PubMed. But
such approaches rely on intensive manual curation or semi-automated pipelines and are not general solutions.

In summary, traditional biomedical information retrieval has achieved much (PubMed and its features, curated
databases, etc.), but perennial challenges remain: scale and semantic complexity. Most searches still
involve keyword matching, and users must navigate large result sets manually. The next sections show how Al
tools have begun to address these challenges by adding layers of natural language understanding, machine
learning ranking, and automated extraction to the search process.

Al Tools for Evidence-Based Medicine (EBM)
Search

Evidence-Based Medicine emphasizes retrieving the highest-quality clinical evidence (e.g., systematic
reviews, randomized trials) to answer clinical questions. Al tools in this category help formulate clinical queries
and prioritize reliable studies. Prominent free search systems and interfaces include:

» PubMed Clinical Queries (NLM): A built-in PubMed interface with pre-set filters for clinical study types
(therapy, diagnosis, prognosis, etiology). Users select narrow or broad scopes to filter by
epidemiological study design. For instance, for a quick clinical update one might use the narrow scope
to retrieve the top systematic reviews/RCTs (pmc.nchi.nim.nih.gov). This filter is rule-based (not Al per
se) but illustrates the target: high-evidence articles.

« Trip Database: A free, curated clinical search engine (UK-based) that ranks relevant clinical guidelines,
reviews, and trials. While not explicitly “Al-driven,” Trip implements algorithms to surface synthesized
evidence and guidelines quickly (often using ontology tags and crowdsourced content).

e Cochrane Library (Cochrane PICO Search): Cochrane PICO Search uses PICO terms to find reviews
relevant to a healthcare question (Cochrane). PubMed Clinical Queries is a separate interface that uses

predefined filters to refine clinical-topic searches: enter search terms and select filters before searching
(NLM).
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While the above are not standalone Al products, their inclusion reminds us that any Al tool must fit into the
evidence-seeking workflow (e.g. focusing on study quality). To this end, some newer tools specifically use Al to
rank or extract based on study quality:

« Rayyan (Qatar Computing Research Institute): A free web-based platform to assist systematic
reviews. Rayyan uses machine learning to help screen abstracts (e.g. predicting inclusion/exclusion,
highlighting keywords). Investigations show it can reduce screening time by ~40-50%
(journals.sagepub.com). Rayyan is freemium (core features free) and can import PubMed/MEDLINE
search results. It is often cited in studies on review automation (47% of such studies mention Rayyan
(journals.sagepub.com)). By semi-automatically tagging or sorting citations, Rayyan exemplifies how Al
saves effort in evidence synthesis.

» Covidence (Veritas Health): Another systematic review tool with Al features (like semi-automated
deduplication). Covidence is free for Cochrane members but otherwise paid; still, it represents the genre
of evidence-synthesis Al tools. Note: as a paid platform, we mention it only in passing; our focus is on
free tools, but it highlights trends.

» custom GPT assistants: Some users have experimented with ChatGPT or Google Bard to answer
clinical questions directly.

Best Practices (EBM search): Experts recommend structuring clinical queries by PICO elements
(pmc.ncbi.nim.nih.gov) and using tools that emphasize high-quality evidence (pmc.ncbi.nlm.nih.gov). For
instance, using Cochrane’s PICO search or Trip Database ensures a focus on RCTs and reviews. Al
assistance can come by automatically suggesting MeSH terms or Boolean strings (e.g. tools that transform
natural language into MeSH-headed queries). Indeed, PubMed.ai advertises exactly this capability: its Al
“transforms natural language queries into precise MeSH terms for enhanced retrieval accuracy”
(www.humai.blog). Such Al-driven query optimization can save clinicians from learning complex syntax.

Limitations (EBM): No Al tool currently guarantees perfect evidence stratification. For example, even with
PICO-based inputs, machine algorithms may rank lower-quality studies highly if they match keywords.
Crowdsourcing and human oversight remain vital. Rayyan and Covidence still strongly advise dual human
review. As the CADTH evaluation cautions, Al search tools should supplement, not replace expert search
practice until thoroughly validated (www.ncbi.nlm.nih.gov). In practice, clinicians using Al-assisted tools must
critically appraise suggestions — for instance verifying that a cited guideline or trial is real and relevant
(pmc.nchi.nim.nih.gov).

Al Tools for Precision Medicine & Genomics
Search

Precision medicine queries often involve genomic entities (genes, variants) and their relationships to diseases
or phenotype. Keyword search can miss synonyms (e.g. the same variant in different nomenclatures) and
struggle with complex genomic data. Specialized tools address this:
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« LitVvar (NCBI): A free semantic search engine that links genetic variants to literature. LitVar uses text-
mining (tmVar) to recognize variant mentions in PubMed abstracts and full texts, then normalizes them
to a standard form (pmc.ncbi.nlm.nih.gov). Importantly, variant searches must keep gene and reference-
sequence context together: for example, the BRAF variant NM_004333.6:¢.1799T>A corresponds to
p.Val600GIlu (V600E), as recorded in ClinVar. It currently indexes PubMed abstracts and PubMed
Central full-texts, updating regularly (pmc.ncbi.nim.nih.gov). LitVar effectively converts a mutation query
into all known aliases, expanding recall for precision-med searches. Citation data show LitVar’s
approach uncovered cited variants in multiple papers, demonstrating practical utility
(pmc.nchi.nim.nih.gov).

« variant2literature: A research tool for variant search. It allows queries by genomic coordinates
(chromosome:start-end) and uniquely can extract variant mentions from figures/tables as well as text
(pmc.nchi.nim.nih.gov). Thus, even if a variant is only described in a figure or supplement,
variant2literature can find it. Like LitVar, it is free to use via a web interface. In combination, LitVar and
variant2literature help users retrieve all articles discussing a particular variant, handling the many ways
variants are reported.

- DigSee (DAQing): An Al-driven search engine for gene-disease relationships. Users input a gene, a
disease, and optionally a biological process; DigSee then searches PubMed abstracts for evidence
sentences linking them (pmc.ncbi.nlm.nih.gov). For example, one can ask: “Find sentences that link
BRCAL to breast cancer through the process of DNA repair.” DigSee highlights supporting abstracts. It
is particularly geared for genetic pathways and is free for academic use.

e OncoSearch (NAR, 2014): Focused on oncology, OncoSearch takes a gene and cancer name as input,
and retrieves sentences indicating whether the gene is up-/down-regulated in that cancer and whether
the cancer progresses or regresses. It uses NLP to annotate sentences from PubMed
(pmc.nchi.nim.nih.gov). OncoSearch was developed by Prof. Jong C. Park’s research team at KAIST
(KAIST).

« Gene- or variant-centric queries in PubMed.ai: Some new Al search platforms advertise genomics
features. For instance, PubMed.ai’'s “deep search” can parse questions involving gene variants, by
automatically mapping entity names to MeSH or gene symbols. While exact details are proprietary, the
site claims to support natural language biomedical questions and extract evidence (www.humai.blog).
(Independent verification is limited, but such tools illustrate the direction.)

Best Practice: For genomic queries, begin with well-defined entities and use variants’ dbSNP IDs or
coordinates if possible. The recommended approach is to consult curated databases first (e.g. ClinVar,
UniProt) for known gene-disease associations (pmc.ncbhi.nlm.nih.gov); if information is missing or too new,
specialized search tools like LitVar serve as valuable supplements (pmc.ncbi.nlm.nih.gov). LitVar’s crowd-
sourced moderation and frequent updates make it reliable for finding emerging variant literature. As Jin et al.
note, search engines in this domain “should retrieve all articles that mention the exact variant query as well as
its synonyms” (pmc.ncbi.nim.nih.gov) — a capability most general search engines lack but which LitVar and
similar tools provide.
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Limitations: These tools depend on correct entity recognition. For example, if a variant is described in an
unexpected format or a gene has ambiguous nomenclature, the tool may miss it. Also, full text availability can
be a barrier: LitVar has enriched PMC full-text, but ~75% of PubMed is abstract-only, so some soft evidence
may be missed. Finally, these tools do not replace the need to evaluate biological context — e.g. identifying
whether a variant is germline vs somatic. They should be used in conjunction with domain expertise.

Semantic Search and Question-Answering

This category covers tools that go “beyond keywords” by understanding the meaning of queries and retrieving
semantically relevant content. They handle free-text questions, sentences, or hypotheses, rather than exact
keyword phrases. Key tools include:

« LitSense (NCBI): An NIH/NLM system for sentence-level semantic search in PubMed and PMC. Given
a sentence or phrase, LitSense finds sentences in the literature with similar meaning, using deep
learning “embeddings” (pmc.ncbi.nim.nih.gov). For example, one could ask “mechanisms of renal
failure” and LitSense will return sentences about kidney injury or failure, even if they use synonyms (like
“kidney damage” instead of “renal failure”). It can filter by article sections (e.g. only Conclusions) for
focus. LitSense uses models trained on biomedical text to go beyond string matching
(pmc.nchi.nim.nih.gov). It is free to use via NCBI's servers, with an online interface.

« SciRide Finder: A citation-based search paradigm (published Sci Reports, 2018). Given a topic, it finds
statements in the literature that cite relevant references, essentially allowing users to search through the
“cited statements” of articles. This can find specific claims or facts. A beta free interface exists.

« AskMEDLINE (historical tool): Fontelo et al.’s 2005 paper described a system in which users entered
a clinical question in a web browser to retrieve relevant MEDLINE/PubMed articles (original study).

» COVID-19 Research Explorer and BioMed Explorer (Google Al): In 2021 Google built experimental
semantic search engines. COVID-19 Research Explorer was tailored to SARS-CoV-2 literature; BioMed
Explorer covered the entire PubMed corpus. Users could ask questions in natural language; the system
would retrieve and highlight answer snippets from the papers. These used Google’s language models to
interpret the query and rank results. As of 2025 both are discontinued, but their existence shows
Google’s experiments in Al-powered biomedical QA (pmc.ncbi.nim.nih.gov).

e ChatGPT, Bard, and Chatbots: Large general-domain LLMs (ChatGPT 4.0, Google Bard/Gemini,
Microsoft Bing Chat) can be used as ad-hoc search assistants. By asking a medical or scientific
guestion, one gets a direct answer instead of a list of papers. For example, asking ChatGPT “What is
the relationship between diabetes and hypertension?” will yield a descriptive answer with some cited
studies. These models often access their training (up to 2021) and some augmented browsing to
answer queries. Jin et al.’s 2023 GeneGPT study evaluated tool-augmented genomics question
answering using NCBI APIs (GeneGPT study). Specialized Al search engines (like Elicit or Consensus)
often incorporate retrieval augmentation to ground these LLMs in actual literature.
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Semantic Search Best Practices: When possible, users should phrase queries as natural questions or key
sentences to exploit these tools. Tools like LitSense and SciRide are useful for pinpointing specific facts (e.g.
thanks to the context of a question), whereas ChatGPT-like models can provide quick summaries. However,
one should always verify with the primary source. Because semantic tools rely on embeddings, they may
retrieve papers lacking the exact keywords but with similar concepts; this is powerful but prone to false
positives if not checked. In practice, experienced users may combine methods: for example, first retrieve a
broad set of articles (PubMed keyword or LitSense), then ask an LLM to summarize the findings or extract
PICO elements.

Limitations: These semantic/QA tools often cover only abstracts or selected text, not full papers. LitSense, for
instance, searches sentences but cannot guarantee those sentences answer the question fully. The need for
human oversight is critical: any conclusions drawn from an Al-generated summary must be validated against
the original articles.

Literature Recommendation (Exploration
and Related-Articles)

These tools help researchers discover additional relevant papers starting from a topic or a set of known
articles, rather than a keyword query. Common free tools include:

o LitCovid (NIH): Although COVID-specific, LitCovid deserves mention as a topic-based recommender. It
clusters COVID-19 articles into eight broad themes (e.g. Transmission, Prevention, Treatment)
(pmc.nchi.nim.nih.gov). A user interested in COVID immunology can browse the relevant section and
find ongoing literature. As noted earlier, LitCovid’s curation has proven more sensitive than keyword
queries in this domain (pmc.ncbi.nlm.nih.gov). Its topic-based organization exemplifies the idea of
literature hubs dedicated to emerging fields.

» LitSuggest (NAR 2021): A machine learning-based system where a user supplies a set of “seed”
positive (relevant) articles and optionally negative ones. LitSuggest then ranks candidate papers by
similarity to the seed set (pmc.ncbi.nlm.nih.gov). It supports human feedback loops to refine
recommendations. It's free to use via NCBI. In effect, LitSuggest learns a model of what defines
“relevant to my topic” based on examples, and finds more articles like that. There is no subscription fee
for the base system.

- BioReader (BMC Bioinfo 2019): A neural text-mining tool. Given positive and negative article examples
(like LitSuggest), BioReader trains a classifier and applies it to new articles. It was specifically
developed for high throughput screening (like curators’ use). It's freely accessible and can significantly
accelerate systematic search by focusing on most promising citations. BMC’s evaluation showed it could
reduce workload by prioritizing likely inclusions.

« Semantic Scholar: While general-purpose, Semantic Scholar (Allen Institute) offers Al features like
“TL;DR” paper summaries and related paper recommendations. It indexes many biomedical papers and
is free. Although SemSch was excluded from Jin’s specialized tool review (because it is cross-domain)
(pmc.nchi.nim.nih.gov), it remains a popular Al-powered alternative search engine. Its summaries can
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give quick insights, and the “recommendations” features help users browse citation networks. Semantic
Scholar’s search is keyword-based but uses ML ranking (the S20RC or SciBERT-based models) to
surface relevant papers.

« Connected Papers: This web app visualizes a graph of papers via citation data (not Al in the learning
sense, but an algorithmic service). Start by entering a seminal paper or topic; Connected Papers builds
a related “graph map” of connected works. Many researchers use it to explore a new field and uncover
influential but overlooked papers. A basic version is free (with limits).

« Litmaps: Similar to Connected Papers, Litmaps creates interactive citation network maps. Its free tier
allows limited use. Users can continually update a “paper collection” to see new connections as
research evolves.

« Research Rabbit: A free academic discovery tool. It lets users build collections of papers and visually
explores citation and co-citation graphs. Its interactive maps help users explore connections among
papers, authors, and concepts (ResearchRabbit features). The core search and graph features remain
free. Researcher testimonials often cite its utility in surveying literature.

« Scite.ai: While Scite’s main product is paid citation analysis (scite.ai assistant, scite.ai univers), it offers
free access to “Smart Citations” on many papers. Smart Citations label how a paper has been cited
(supporting, contrasting, mentioning). Scite’s integration can be seen as an Al-augmented
recommender: it helps one gauge the reliability and context of a paper via its citation network, even in
the free mode.

» Consensus.app: Discussed earlier, it functions as a Q&A search (grouped under semantic) but also in
practice acts as a recommender: when you enter a question, Consensus not only provides an answer
snippet, but also lists key papers (with confidence scores). In that sense it recommends evidence-based
conclusions and leads you to the sources. Its free access center on brief answers, with deeper analysis
features under subscription.

e COVID-Scholar: In pandemic times, platforms like covid-scholar (Stanford/Al2) aggregated and
recommended relevant COVID articles using NLP. It is similar to LitCovid but Al-driven.

Best Practice: Use a recommender to broaden a literature survey. For example, starting from key RCTs on a
treatment, one can use LitSuggest or Research Rabbit to find related trials or systematic reviews. Tools like
Connected Papers help discover underlying foundational works (the “roots” of a topic). For quickly getting an
evidence-based answer, Consensus’s QA handles specific questions by summarizing across studies.
Importantly, any recommendations should be curated: while Al can surface less-obvious but relevant articles, a
domain expert must still verify fit and quality.

Limitations: Graph-based recommenders depend on citation data, which may be incomplete (recent papers
have few citations, so newer research can be underrepresented). Free tiers may limit number of queries or
storage. Semantic Scholar and Consensus, as noted, have limited recall beyond what PubMed shows; they
also may filter out non-open-access content. Human judgment is needed to decide which recommended
papers warrant reading.

Pharma & biotech Al consulting - Custom software - Data engineering Page 10 of 21


https://www.researchrabbit.ai/features

IntuitionLabs

Literature Mining (Knowledge Extraction and
Discovery)

Literature mining tools perform NLP tasks to extract structured knowledge from text. These are not search
engines per se, but augment search by highlighting entities and relations. Key free tools:

« PubTator (NCBI): An automated annotation service that tags biomedical concepts in PubMed abstracts
(and some PMC articles) (pmc.ncbi.nim.nih.gov). It highlights entities like genes, diseases, drugs,
mutations, etc., on-the-fly. PubTator is integrated into multiple search tools: for example, LitVar and
LitSense leverage PubTator annotations when displaying results. PubTator’s database (PubTator
Central) is also downloadable for bulk text mining. As an example, PubTator flags concepts in your
search results, enabling faceted filtering by disease or gene. PubTator thus adds an Al layer of entity
recognition on top of standard text search (pmc.ncbi.nlm.nih.gov).

« Anne O’Tate: A value-added PubMed search analysis tool (free web tool from UIC)
(journals.sagepub.com). After a PubMed query, Anne O’'Tate can rank extracted “important phrases”
(words, topics, authors, MeSH pairs, etc.) from the result set. This helps users quickly see which entities
or methods are most prominent in the literature for that topic. In effect, it mines concept co-occurrence
(using simple TF-IDF and clustering) to aid review. It is freely accessible and often used by librarians
and researchers for quick topic exploration.

« FACTA+: A search engine that takes an entity (e.g. a gene) and shows other concepts statistically
associated with it, along with supporting sentences (pmc.ncbi.nlm.nih.gov). This assists in building a
conceptual network centered on a query term. Users input a syndrome or protein, and FACTA+ retrieves
related diseases, chemicals, etc. along with the evidence sentences. It thus mines implicit associations
from PubMed. FACTA+ (over 2007 Bioinformatics) is publicly available via SciCrunch.

+ Semantic MEDLINE /| SemMedDB (NLM; legacy resources): Semantic MEDLINE used natural
language processing to extract semantic predications from titles and abstracts and display them as a
graph. NLM ended maintenance on December 31, 2024, its access instructions require a free UMLS
license (NLM notice and access instructions). The final SemMedDB update contains PubMed update
files through May 8, 2024 (final database release).

» SciSight (Allen/CZI): An exploratory search tool for COVID-19 (CZI Al). It constructs a network of
biomedical “concepts” (diseases, genes, etc.) and research groups from COVID papers
(pmc.nchi.nim.nih.gov). Users can navigate concept neighborhoods. Although originally COVID-specific,
the SciSight codebase is public. SciSight's predecessor ‘TimeScape’ is offline.

« pubmedKB: An interactive web server that focuses on specific entity relations (variants, genes,
diseases, chemicals) by extracting and visualizing them as semantic graphs (pmc.nchi.nlm.nih.gov). It
highlights variant-disease associations found in text, for example. The interface lets clinicians see how
different pieces relate and which sentences support them.
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» Literature-based Discovery (LBD) systems: Tools like LION LBD use extracted concepts to suggest
hidden links. For example, LION automatically builds a knowledge graph from a query and then
suggests novel concept co-occurrences that have not been explicitly reported (pmc.ncbi.nlm.nih.gov).
This goes beyond search into the realm of hypothesis generation. LION and similar services are mostly
experimental (some are research code), but point to an Al future where search is combined with
inference.

Usage and Impact: Literature mining tools are often used to augment search results. For instance, after
retrieving a set of papers, one might run PubTator or Anne O’'Tate on them to distill key terms or concepts.
These tools can surface hidden trends (e.g. a drug repeatedly studied with a gene), or streamline data
extraction. PubTator’s concept highlighting often appears in modern search interfaces. Jin, Leaman and Lu
(2024) explain that extracted concepts and their relations can be organized into knowledge graphs that
summarize the knowledge in publications related to a query (pmc.ncbi.nim.nih.gov).

Limitations: Literature mining accuracy depends on NLP performance. False positives/negatives in entity
tagging are common (e.g., gene synonyms can be tricky). Relation extraction (e.g. drug-causes-effect) is also
error-prone. Jin, Leaman and Lu (2024) caution that many automated knowledge-graph builders’ “utility
remains to be confirmed” (pmc.ncbi.nlm.nih.gov). For clinical use, RL attributes (like positive/negative citation
in scite.ai) can help vet findings. In practice, mined outputs should prime the user's understanding, not replace

reading. They are most valuable for discovery (spotting patterns) rather than definitive answers.

Large Language Models & Chat-based
Search

Beyond specialized tools, general LLM interfaces have captured attention. Models like OpenAl’'s ChatGPT-
3.5/4.0 and Google’s Bard/Gemini are not biomedical-specific, but they can answer questions or summarize

content in colloquial form. Researchers have been exploring how these chatbots perform on literature search
tasks. Key points:

e ChatGPT (OpenAl): Starting in late 2022, ChatGPT became widely used for drafting literature reviews
or answering research questions.

« Prompt Engineering & Plugins: Researchers have experimented with enhancing ChatGPT’s search
utility through plugins or detailed prompts. ChatGPT’s new browsing feature (June 2023) enabled limited
real-time PubMed access. In Yip et al.’s experiments, one browsing iteration returned six accurate
references, of which five were relevant (pmc.ncbi.nim.nih.gov). Customized chat models (ChatGPTs
specialized for scientific queries) are emerging but not yet proven. The general trend is that retrieval-
augmentation (RAG) is helpful: plugging in real PubMed data reduces hallucinations (arxiv.org). For
now, most implementations of ChatGPT in biomedical search remain experimental; no free general
LLM is explicitly designed for PubMed search.
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« Domain-specific LLMs: There have been efforts to train or adapt LLMs on medical literature. Examples
include Microsoft's BioGPT and Google’s Med-PalLM. Google introduced Med-PaLM as a research-
grade medical question-answering model rather than a finished product (Google Research). BioGPT
(Microsoft) is a transformer trained on PubMed abstracts and can generate biomedical text. While
BioGPT’s text generation is limited in a demo API, it aims to answer biomedical queries. Another
example is BioMedLM, a GPT-style biomedical language model developed jointly by Stanford CRFM
and MosaicML (model card). These specialized LLMs often underperform GPT-4 on general language
tasks, but may hallucinate less on niche queries. We note that effective retrieval often outweighs pure
LLM ability; indeed, MedCPT (see Sec. 3) showed that retrieval-tuned encoders beat GPT-3 sized
models despite smaller size (arxiv.org).

« Case Study - Chat-Based Systematic Review: A recent study by Bencze et al. (2025) directly
compared ChatGPT 4.1's “Deep Research” mode to a manual PubMed search for dental implantology.
The manual search retrieved 124 articles, while ChatGPT reported 114; the final synthesis included 23
articles from manual search and 11 from ChatGPT (pmc.ncbi.nlm.nih.gov).

o Case Study - LLM QA in Neuroscience: Mackenzie et al. (2025) used GPT-4 and Google’s PaLM2 to
perform sentiment analysis on migraine medication trial abstracts. They prompted the LLMs to classify
trials as showing positive or negative efficacy. Results aligned with medical guidelines (the top drugs
identified by the models matched evidence-based recommendations) (bmcneurol.biomedcentral.com).
This demonstrates LLMs’ potential to synthesize broad literature, albeit in a narrow task. The study
authors noted some inconsistencies and stressed that LLMs should complement, not replace, expert
analysis (bmcneurol.biomedcentral.com).

Guidelines and Limitations: It is recommended that users always cross-check LLM outputs against PubMed
or original papers (pmc.nchi.nim.nih.gov) (www.nchi.nlm.nih.gov).

Nevertheless, the rapid improvement of LLMs suggests a key future role. For now, free strategies include
combining LLMs with retrieval: e.g. using ChatGPT to refine search terms or to summarize a set of found
papers. Consensus and Elicit exemplify this: they retrieve evidence-based snippets (solidly grounded in
literature) and present quick answers. In conclusion, LLMs are powerful new tools for biomedical search but
currently best used under human supervision and in hybrid workflows.

Case Studies and Real-World Examples

To illustrate how Al tools perform in practice, we consider several real-world scenarios and experiments from
the literature. These case studies highlight both successes and areas of caution.

Case 1: ChatGPT vs. Manual Search in Systematic Review (Dentistry). In Bencze et al. (2025), authors
compared a systematic literature search on “latest innovations in dental implantology” performed manually (by
two human researchers using PubMed) versus using ChatGPT-4.1's Deep Research plugin. The study’s
ChatGPT-assisted review was generated on May 6, 2025. Both searches used identical keywords and
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inclusion criteria. The human search identified 124 articles with 23 meeting inclusion criteria, whereas
ChatGPT retrieved only 114 articles, of which 13 were selected and 11 ultimately used in synthesis
(pmc.ncbi.nim.nih.gov).

Metric Manual PubMed Search ChatGPT
(Study Reference Deep
Standard) Research

Articles Retrieved 124 114

Included in Final Pool 23 11

Sensitivity (Recall) Reference standard 47.8% (11/23)

Specificity Reference standard 98% (study-

reported)
Inclusion precision (calculated) Reference standard 84.6% (11/13)

Table 1: Results of Bencze et al. comparing manual PubMed review vs. ChatGPT-4
deep search for dental implantology (2025). (pmc.ncbi.nlm.nih.gov).

Case 2: ChatGPT for Clinical Question Answering (Ophthalmology). In Yip et al. (2025), researchers
evaluated ChatGPT’s ability to handle four practical search scenarios (e.g. finding clinical guidelines) from a
clinician’s perspective. The tests ran from November 2023 to early 2024. One task was: “Give me 6 vitreous
proteomics studies in age-related macular degeneration.” Using this specific query, they tested GPT-3.5 and
GPT-4 (via ChatGPT) both in basic mode and with augmentations. The researchers repeated the same prompt
ten times for the basic models and tested each augmentation strategy in ten separate iterations. Browsing
identified at least one relevant study in five of ten iterations; the standout iteration had six accurate references
but only five relevant studies (pmc.ncbi.nlm.nih.gov).

Case 3: LLMs Synthesizing Literature (Migraine Treatments). Mackenzie et al. (BMC Neurol 2025)
explored whether LLMs can assist literature synthesis by performing sentiment analysis on clinical trial
abstracts. They asked GPT-4 and Google’s PaLM2 to evaluate efficacy of migraine medications in PubMed
abstracts. The LLMs assigned “sentiment” scores indicating positive or negative trial results. The output
matched known best treatments: for example, the models appropriately identified CGRP inhibitors and
topiramate as having positive efficacy in trials (bmcneurol.biomedcentral.com). The authors conclude that
“LLMs have potential as complementary tools in migraine literature analysis” (bmcneurol.biomedcentral.com),
as the LLM-generated rankings aligned with evidence-based guidelines. However, they note some
inconsistencies (not detailed) and methodological challenges. Crucially, this is an example where the LLM was
assisted by structured prompts (“Give me sentiment of trial result for drug X”), a narrower task than open-
ended search. It suggests that for specific analytical subtasks, advanced LLMs can indeed process biomedical
content effectively. But again, these were focused tasks, not the broader problem of finding all relevant
literature.

Case 4: GeneGPT - Tool-Augmented Genomics Question Answering. Jin et al. (2023) introduced
GeneGPT as a novel paradigm: rather than passively question an LLM, they taught an LLM (Codex, the GPT
derivative) to actively use NCBI web APIs (Entrez E-utilities, BLAST) when answering biomedical queries
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(arxiv.org). On standard genomics QA benchmarks (GeneTuring), GeneGPT achieved an average score of
0.83 out of 1.0—"state-of-the-art” performance that far exceeded GPT-3 (0.16) and ChatGPT (0.12) (arxiv.org).
Technically, GeneGPT'’s prompts included APl documentation and examples so that the model would output
API calls (e.g. ESearch, ESummary) to retrieve identifiers and records from NCBI databases. The study’s API
demonstrations used the gene, snp, omim and nt databases; its genomics benchmark scores do not measure
PubMed literature-search recall (study methods). While GeneGPT itself is a research prototype (not a user
tool), it demonstrates how integrating LLMs with NCBI tools can improve genomics question answering. A
PubMed literature-search assistant is a possible future application, rather than the demonstrated benchmark
task: one can imagine a conversational assistant that transparently queries PubMed and returns evidence,
rather than fabricating answers. For example, one could ask “what are trials of drug Y in disease Z?”, and the
assistant would call Entrez, fetch relevant citations, and summarize. The takeaway is that specialized LLM
pipelines (like GeneGPT) can overcome generic LLM limitations, suggesting a promising direction for Al
search development.

Summary of Cases: These studies cover several perspectives. Augmented Al systems (Case 4) chart a
path forward by combining LLM reasoning with database queries. Across all, a recurrent theme is verification.

Al Tools and Search Workflow Integrations

The above categories of tools fit into broader search workflows. In practice, a researcher might combine tools:

1. Initial Query Formulation: Start with a simple question or set of keywords. Tools like PubMed.ai can
fine-tune these into optimized MeSH-based queries (www.humai.blog). Semantic interfaces (like
ChatGPT or Elicit's chat mode) can help clarify or refine the query.

2. Multi-Modal Retrieval: Run the query on several platforms. For example, do a standard PubMed
search, plus a semantic search (LitSense), plus a topic hub (e.g. specialized COVID portal if applicable).
Use Consensus.app or Semantic Scholar to see if they find extra items via their Al logic. Combine
with Al chat: pose the question to ChatGPT/Bard to see if any obvious papers emerge.

3. Result Ranking & Filtering: Use Al tools to sort the results. PubTator or Anne O’Tate can highlight
key terms across hits, helping spot important concepts (e.g. top phrases or MeSH). Tools like Rayyan or
Elicit can help screen and rank articles by relevance. Elicit is freemium: its free Basic plan includes
paper search and limited Research Agent use, while its dedicated Systematic Review workflow for
screening and extraction requires a Pro, Scale, or Enterprise subscription (plans; workflow availability).
Rayyan’s ML classifier, for instance, learns from ones you mark ‘include’ vs ‘exclude’ and prioritizes the
rest. LitSuggest/BioReader can rescore search results by similarity to known relevant papers.

4. Knowledge Synthesis: For the final set of relevant papers, Al can aid reading and summarizing.
SciSpace (formerly Typeset) and Scholarcy can summarize paper PDFs into key points. Scholarcy is
freemium: its pricing FAQ limits the free Article Summarizer to one summary per day; unlimited
summarization requires a subscription. For structured PICO extraction, budget for Elicit’'s paid dedicated
Systematic Review workflow rather than assuming it is included in free search. Its pricing page also lists
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custom extractions from uploaded papers under Pro. ChatGPT itself can now take article snippets (user
pastes abstracts) and summarize them compactly. One may also use scite.ai's free citation context
viewer to see how each paper is cited in later work (supporting vs contrasting claims).

5. Exploration: Tools like Connected Papers, Litmaps, and Research Rabbit help in the exploration
phase: after identifying a few keystone papers, visualize related literature and track new publications.
Their Al (or graph) powered recommendations aim to ensure the researcher hasn’t missed any major
clusters of work.

6. Validation: Throughout, cross-validate facts. Check any Al-generated citation or statistic against
PubMed or Google Scholar searches. Use domain knowledge tools (e.g. reference management or
Excel) to collate citations safely. The evaluation by CADTH emphasizes having a systematic procedure
to evaluate and monitor any Al tool used (www.ncbi.nlm.nih.gov). In other words, always have humans
in the loop.

Data Analysis and Performance Highlights

Several quantitative findings from the literature help contextualize the impact of Al tools:

» Search Efficiency: Traditional manual screening can be laborious. Using ML-driven screening tools like
Rayyan has been shown to cut screening time by roughly half (journals.sagepub.com). In one survey,
47% of systematic review automation studies reported using Rayyan (journals.sagepub.com). This
indicates that even partial automation (not directly about search queries, but related to screening the
results) is widely embraced.

« Coverage of Tools: Surveys of Al resources report a very large ecosystem. Jin et al. (2024)
enumerated 34 web-based Al literature tools (pmc.nchi.nim.nih.gov). Similarly, a recent editorial by Sen
(2026) highlights over 30 specialized tools spanning all five categories (journals.sagepub.com). More
broadly, an evaluation by CADTH identified 51 promising Al search tools in late 2023
(www.nchbi.nlm.nih.gov), though not all are free. This abundance underscores that researchers now have
many options to try.

» Improvement Over Baselines: On retrieval benchmarks, Al methods show gains. For instance, the
MedCPT model (contrastively trained on PubMed usage) significantly outperformed GPT-3 sized models
on zero-shot biomedical retrieval tasks (arxiv.org). Similarly, the gene-level search of GeneGPT yielded
+0.71 improvement (0.83 vs 0.12) over base GPT (arxiv.org). These results indicate that incorporating
domain data (click logs, APIs) improves accuracy.

» Recall vs. Precision (Case Study): From the dental implant case above, ChatGPT'’s search recall was
~48% (pmc.ncbi.nim.nih.gov) while its inclusion precision, calculated from 11 valid selections out of 13,
was 84.6%. In evidence synthesis, recall (sensitivity) is critical; missing a study can bias a review.

e Accuracy Scores: Soong et al. evaluated 19 questions on diffuse large B-cell ymphoma. GPT-4
received the maximum accuracy rating on 8/19 answers, compared with 12/19 for the retrieval-
augmented RetA model; these ordinal ratings do not establish a hallucination prevalence (Soong et al.).
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« User Adoption: While formal usage statistics are scarce, some indicators show uptake. PubMed.ai
claims to index over 40 million papers and offers free comprehensive reports (www.pubmed.ai); Elicit
reports thousands of monthly users (its website mentioned 138 million papers indexed
(orion.elicit.com)). The fact that large consortia (e.g. Al2, NIH) are investing in such tools suggests
demand is high. It remains to be seen how widely these tools are used in day-to-day research; surveys
of student and clinician use would be valuable future data.

Discussion and Implications

The variety and proliferation of free Al tools for PubMed search have several implications:

« Democratization of Information: Many of these tools (PubMed.ai, Elicit, Consensus, SciSpace, etc.)
lower barriers to effective literature search. Students, clinicians, and researchers without advanced
training can pose natural-language questions and quickly get directions to relevant evidence
(pmc.nchi.nim.nih.gov) (www.humai.blog). Summarization features mean users can grasp a paper’s
content without reading it fully. In principle, this could improve evidence-based practice by spreading
access. However, democratization also means more lay usage of tools that do not always cite properly
or may produce errors, creating risk of misinformation if used uncritically.

« Shift in Research Workflow: Al tools are gradually moving literature retrieval from an art to a
(semi-)automated science. We may see the roles shift: researchers spend less time on purely
mechanical searches and more on interpreting results. Workflows will likely become human-Al
collaborations, e.g. an initial Al-generated draft of relevant citations followed by human curation and
writing. This could speed review writing, grant writing, and even informatics tasks like database curation.
As Sen (2026) points out, these technologies are “forging the contours of tomorrow’s research
landscape” (journals.sagepub.com).

e Quality and Trust: A major concern is quality control. Al models are known to hallucinate, and many
tools rely on datasets that may be incomplete (e.g. pubmed abstracts only). Users must be cautious
about “silent errors” — studies missed or facts wrong. Guidelines such as those from Cochrane
emphasize verifying every step, and current consensus is that Al outputs require human adjudication
(www.ncbi.nlm.nih.gov) (pmc.nchi.nlm.nih.gov). Tool transparency varies: some like Rayyan focus on
transparent workflow (tagging abstracts) (journals.sagepub.com), whereas black-box LLMs offer none.
There is a call for more explainable Al in medicine; the use of citations and knowledge diagrams (as in
PubMedKB or Scite’s outputs) can help users trust results.

« Future Research Directions: The coming years will likely see continued integration of Al into search.
Based on current trajectories, one can speculate:

» Unified Search Interfaces: One vision is a single portal that instinctively triages the user’s query and
routes it to the right engine. For example, a system might detect an EBM-style question and employ
both PubMed clinical filters and Cochrane, or detect a variant question and use LitVar. Jin et al.
suggested that Al might automatically “triage” a query to specialized tools (pmc.ncbi.nim.nih.gov).
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« Multimodal and Multilanguage: LLMs could enable search not just by text but by images or data. Tools
like PubmedKB already allow semantic querying of data extracted from literature. Future Al might let
users say “show me molecular structures similar to this diagram, along with relevant papers” or search
in other languages.

« Open vs. Proprietary Models: Currently, advanced chatbots like ChatGPT/GPT-4 are closed-source
and server-based. The research community is working on open biomedical LLMs (e.g., attempts to fine-
tune LLaMA or GPT-J on PubMed). Open models would allow local, privacy-preserving deployment and
possibly integration with institutional tools. Conversely, paid advanced tools (Sage journals already are
testing GPT integration) might limit free access. The balance of free vs premium features will shape
adoption.

« Ethical and Regulatory Considerations: As Al-based search tools gain influence, there will be scrutiny
on biases (e.g. publication bias, language bias) and liability (e.g. if an Al misses a crucial
contraindication from the literature). Also, issues of Al-generated content (plagiarism, IP) loom if LLMs
become authors of literature reviews. Regulations or guidelines (perhaps from NIH, publishers, or WHO)
will likely emerge for Al use in research.

« Evaluation and Standards: We expect more formal benchmarking of biomedical search Als. Initiatives
like the CADTH evaluation instrument (www.nchi.nlm.nih.gov) and shared tasks (e.g. TREC Precision
Medicine track) will help. Ideally, users will have performance metrics (recall/precision) for each tool.

» Costs and Accessibility: We have focused on free tools, but the landscape also includes powerful paid
services (e.g. Clarivate’'s Al enhancements, scite premium). The “free vs paid” distinction may blur as
foundations and companies develop hybrid models. It's encouraging that many key innovations remain
accessible at no cost. However, reliance on free models (like ChatGPT-3.5) can change over time if
companies monetize them. Sustainability of free resources (especially those run by academics) is also a
concern; open-source alternatives could mitigate this.

Conclusion

Artificial intelligence is rapidly influencing how biomedical literature is accessed and used. This report has
surveyed the state-of-the-art free Al tools for PubMed and literature search, spanning domains from clinical
evidence retrieval to genomics queries, semantic Q&A, and knowledge extraction. We have shown how new
tools can transform natural queries into highly relevant search strategies (www.humai.blog), automatically
extract and summarize findings (www.humai.blog), and reveal connections hidden in vast datasets. Our
analysis is grounded in objective data: for example, evaluation studies reveal that well-designed Al pipelines
(e.g. retrieval-augmented models) outperform agnostic LLMs on biomedical tasks (arxiv.org).

At present, no single Al tool does it all. Specialized search engines (LitVar, LitSense, Consensus, etc.) each
address different needs, and often it is by combining tools that one achieves best results. Tools like Rayyan
illustrate how Al assists evidence screening (journals.sagepub.com), and others like Connected Papers aid
exploratory discovery. Importantly, the biopsychosocial context of biomedical research — with its demand for
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accuracy and provenance — means we must remain vigilant. As the CADTH guidelines emphasize, Al in
literature search is promising but nascent: it “may supplement — but not replace — our usual practice” until
proven (www.ncbi.nim.nih.gov).

Looking ahead, the trajectory is clear: biomedical search will become increasingly smarter and more
interactive. We anticipate future systems where asking a PubMed search engine a question yields an
immediate, concise answer with citations, or where an LLM can automatically query databases to retrieve
evidence. The integration of PubMed search click logs (as in MedCPT (arxiv.org)) and the coupling of API calls
to LLMs (as in GeneGPT (arxiv.org)) are harbingers of more powerful tools.

However, realization of these futures depends on continued research and critical evaluation. Gaps such as
coverage of non-English literature, preprints, and “negative” results must be addressed. Transparency in
algorithms and data (so users can audit Al suggestions) will be crucial. Finally, training and guidelines for
researchers and clinicians on the prudent use of Al search tools will maximize benefits while minimizing risks.

In conclusion, the landscape of biomedical literature search is undergoing a transformation. Free Al tools are
proliferating and improving, shifting the paradigm from manual browsing to hybrid Al-assisted discovery. This
report has aimed to catalog these developments comprehensively, providing a resource for scientists to
navigate and evaluate the options. The hope is that, by leveraging Al judiciously, the biomedical community
can more efficiently mine the expanding universe of knowledge without sacrificing rigor.

References: This report’s statements are backed by extensive sources. Key references include surveys and
reviews of Al search (Jin et al. 2024 (pmc.ncbi.nlm.nih.gov), Sen 2026 (journals.sagepub.com)), evaluations of
ChatGPT and tools (Yip et al. 2025 (pmc.ncbi.nlm.nih.gov), Bencze et al. 2025 (pmc.nchi.nim.nih.gov)), and
descriptions of individual systems (PubMed.ai (www.humai.blog), Consensus (www.searchyour.ai), GeneGPT
(arxiv.org), MedCPT (arxiv.org), etc.). Citations are provided as inline links to the sources discussed above.
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About IntuitionLabs

IntuitionLabs is an Al 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.

Al consulting and adoption

Our Al 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 Al: source material, context, permissions and maintained knowledge that make
generated answers useful and reviewable. Private LLM inference and hosted Al options support teams
evaluating how to operate Al 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 Al 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 Al enablement, pharma and biotech software development, data engineering and Bl, 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.ali

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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