
Citation Graph vs Keyword Search for Scientific
Papers
By Adrien Laurent, CEO at IntuitionLabs • 3/11/2026 • 40 min read

citation graph keyword search literature discovery scientific papers systematic review research methodology

backward citation semantic search

IntuitionLabs - AI Software for Pharma & Biotech Citation Graph vs Keyword Search for Scientific Papers

© 2026 IntuitionLabs.ai - North America's Leading AI Software Development Firm for Pharmaceutical & Biotech. All rights

reserved.

Page 1 of

15

https://intuitionlabs.ai/articles/authors/adrien-laurent?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=citation-graph-vs-keyword-search-for-scientific-papers.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=citation-graph-vs-keyword-search-for-scientific-papers.pdf
https://intuitionlabs.ai/articles/citation-graph-vs-keyword-search-scientific-papers?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=citation-graph-vs-keyword-search-for-scientific-papers.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=citation-graph-vs-keyword-search-for-scientific-papers.pdf


Executive Summary
Finding relevant scientific literature is a foundational task in research, traditionally accomplished by keyword-based searches in

bibliographic databases. In recent years, however, novel citation-based (graph) search methods have emerged, leveraging

the network of paper-to-paper citations to uncover related work. This report examines and compares these two paradigms –

keyword search vs. citation-graph search – in depth, drawing on historical context, empirical studies, and real-world examples.

We show that each approach has distinct strengths and limitations. Keyword searches (using traditional text or Boolean

queries) typically yield high precision for well-worded queries, retrieving exact matches efficiently, but can miss relevant papers

that do not share specific terms (leading to lower recall). Citation-graph methods (tracing references and citation networks) can

reveal conceptually connected papers that keyword queries overlook ([1] www.sciencedirect.com) ([2] clarivate.com), often boosting

overall coverage. For example, in one study of biomedical literature, simple keyword queries in PubMed retrieved only ~16% of

relevant articles (high precision ~90%), whereas cited-reference searches raised sensitivity to ~45–54% ([3] pmc.ncbi.nlm.nih.gov).

However, citation searches often produce many spurious results (low precision – as little as ~0.5% in some systematic-review

cases ([4] pmc.ncbi.nlm.nih.gov)) and require known “seed” papers to start.

Case studies illustrate the trade-offs. Linder et al. (2015) found that for identifying studies using a specific clinical instrument,

cited-reference searches identified more relevant papers than keyword queries ([3] pmc.ncbi.nlm.nih.gov), while Wright et al.

(2014) found that citation searches in a systematic review added only ~22.5% unique recall at great cost in filtering out irrelevant

hits ([4] pmc.ncbi.nlm.nih.gov). Tools like Connected Papers and Inciteful show how graph visualizations can expose “missing”

papers not found by keywords (library.hkust.edu.hk) (library.hkust.edu.hk). At the same time, modern keyword-search tools (e.g.

Google Scholar, Semantic Scholar, AI-enhanced search agents) have grown vastly in scope, offering semantic matching and

built-in citation metrics. For instance, Google Scholar has been shown to cover ~98% of studies on a given topic (vs 91% for

PubMed) when identical queries are used ([5] link.springer.com), thanks to its massive index.

No single method is universally superior. Scholarly consensus (e.g. Xiao & Watson, 2019 guidelines) is that the best practice is

to combine approaches: start with broad keyword queries to gather candidate papers, then use citation tracking (backward and

forward) and graph-based tools to expand the search ([6] www.sciencedirect.com) ([7] www.researchrabbit.ai). Integrating both

methods — and now also AI/semantic tools — yields the most comprehensive results. This report details the theoretical

foundations of each approach, evaluates empirical performance, surveys specialized search tools, and discusses future trends

(such as knowledge-graph search and AI assistance) that further blur the line. In conclusion, citation graphs are not a

replacement for keywords but a powerful complement. A hybrid or multi-stage workflow, exploiting the strengths of each, is the

most effective strategy for discovering scientific papers.

Introduction and Background
The task of literature discovery in science has evolved dramatically over the past century. In the pre-digital era, researchers

relied on printed indices and manual bibliographies. The mid-20th-century innovation of citation indexing was a breakthrough:

Eugene Garfield and colleagues at the Institute for Scientific Information (ISI) pioneered the Science Citation Index (SCI) in 1963

([8] clarivate.com) ([9] clarivate.com). This new approach treated each article as a node in a network, with directed links representing

citations, effectively creating a citation graph. Garfield observed that “review articles … were heavily reliant on the bibliographic

citations [to] original published sources” and that by capturing those citations “a researcher could immediately get a view of the

approach taken by another scientist… As retrieval terms, citations could function as well as keywords” ([2] clarivate.com). His SCI

allowed users to find papers indirectly – by looking at who had cited a given paper – uncovering related works that might not

share obvious search terms ([2] clarivate.com) ([9] clarivate.com). Garfield’s citation indexing thus offered an “objective” method to

connect ideas across disciplines and reveal hidden relationships (“related papers that at first glance might not have seemed

pertinent” ([9] clarivate.com)), complementing slower, subjective subject-heading indexing of the era ([10] clarivate.com) ([2]

clarivate.com).

With the advent of digital databases, the classic keyword search paradigm became predominant. Researchers enter queries

composed of words or phrases (often with Boolean logic), and databases match these against titles, abstracts, indexed

keywords, or full text. Over the decades, searching matured: libraries introduced controlled vocabularies (e.g. MeSH terms in
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PubMed) and advanced filtering. For a long time, “Boolean keyword search dominated the literature review process” ([11]

www.researchrabbit.ai). Indeed, experts trained in systematic review design query strings and filter large result sets systematically,

aiming to “maximize retrieval of relevant records” while balancing false hits ([12] pmc.ncbi.nlm.nih.gov). Keyword queries remained

the default approach for most researchers, from clinicians scouring PubMed to engineers using IEEE Xplore.

However, by the 2010s the limitations of pure keyword matching became clear, especially as the volume of publications

exploded. Search engines and digital tools began to incorporate citation data. Google Scholar (launched 2004) introduced

automated citation counting and made it easy to follow citation links. Social networks like ResearchGate and tools like Semantic
Scholar and the OpenAlex database built on massive citation graphs plus AI. Meanwhile, specialized “literature mapping” tools

emerged: Connected Papers (2018) and Inciteful (2022) explicitly use graphical displays of citation networks to help users

discover related literature beyond keywords.As a research guide notes, modern literature review is best approached as an

“ecosystem” of methods – combining keyword queries, natural-language (semantic) search, and citation-based discovery ([7]

www.researchrabbit.ai).

The rise of AI-driven semantic search has further blurred the lines. Tools like Elicit, SciSpace, and Undermind allow users to

provide natural-language questions or example papers, and use embeddings or large language models to find relevant articles

by topic. They often still rely on big indexes (e.g. Semantic Scholar’s corpus (library.smu.edu.sg)), but they illustrate that today’s

researcher rarely relies on one search mode alone. Indeed, reviews of search best practices now explicitly advise that “keyword

searching, backward citation, and forward citation searching constitute the three ‘major sources to find literature’” ([6]

www.sciencedirect.com), underscoring that traditional and graph methods are complementary.

This report systematically investigates keyword-based vs citation-graph-based search for scientific papers. Starting with

definitions and history, we then analyze the mechanics and performance of each. We summarize quantitative studies measuring

their effectiveness, examine qualitative factors (ease, scope, timeliness), and highlight practical examples and tools. Finally, we

discuss what the evidence implies about “the better way” to find papers, and how emerging technologies might shape future

approaches. Throughout, we emphasize evidence: every claim is supported by published research or authoritative sources. By

the end, readers will understand the trade-offs between these search paradigms and how to combine them effectively.

Keyword-Based Searches
Definition and Mechanism. A keyword search in a scholarly context involves a user entering one or more words or phrases

(often with operators like AND/OR/NOT, quotes for exact phrases, or wildcards) into a search interface. The search engine then

scans its indexed content – titles, abstracts, full text, or predefined fields (e.g. “MeSH terms” in medical databases) – for

matches. Results are ranked by journal reputation, relevance to query terms, date, citation counts, or other factors. For example,

entering “machine learning” AND (health OR medicine)  into PubMed yields articles whose indexed metadata contain those

terms.

This method has been the foundation of literature search for decades. Historically, libraries offered subject-heading systems (like

MeSH) to improve precision, but even with these vocabularies, the lookup is essentially lexical. Google Scholar popularized a

free-text approach in 2004, automatically stemming and synonym-expanding queries. Most modern databases (Web of Science,

Scopus, IEEE Xplore, arXiv search, etc.) similarly use keyword or natural-language query matching.

Advantages. Keyword search is intuitive and direct. If one knows the terminology of a field, a well-crafted query can retrieve

highly relevant articles quickly. It excels at pinpointing documents that explicitly mention the query terms. Thus for specific fact-

finding (“What is the reported latency of COVID-19 diagnostic RT-PCR?”, “Who first proposed quark model?”) it is very effective.

When query terms appear in titles or abstracts, keyword searches yield high precision (few irrelevant hits). For instance, one

systematic evaluation of a specific biomedical instrument search found that a keyword query in PubMed had ~90% precision –

meaning most items retrieved were truly about the topic ([3] pmc.ncbi.nlm.nih.gov).

Keyword search also has high recall in certain contexts. Bramer et al. (2013) showed that Google Scholar achieved 98%
coverage of references in a group of medical systematic reviews (vs. 91% for PubMed) when identical Boolean queries were

used ([5] link.springer.com). In other words, Keyword search across very large, multidisciplinary indexes (like Google Scholar’s

~200M items (library.smu.edu.sg)) can be surprisingly comprehensive. Statistical analyses show that Google Scholar’s broad
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keywords often recall more known references (80% recall) than narrower databases ([5] link.springer.com) ([13] link.springer.com). In

short, a well-formulated keyword search across a large database can retrieve a very large pool of candidate papers.

Limitations. The main drawback is that keyword searches depend on textual overlap. If a relevant paper uses different

terminology than the query, it may be missed. Synonyms, acronyms, methodological jargon, and new or niche terms can all lead

to false negatives. For example, a review of bird migration might miss articles if the researcher used “city lights” but an article

only mentions “urban illumination”. Precision can also drop if queries are broad: a phrase like “cancer” yields many unrelated

results. Moreover, keyword search often retrieves too many irrelevant hits, requiring the researcher to sift. In systematic

searching, librarians typically observe that broad keyword queries have very low precision. One study reported that even though

PubMed keyword queries were precise, only 16% of all relevant items were found (sensitivity) ([3] pmc.ncbi.nlm.nih.gov) – the

rest required other strategies.

Another limitation is genre bias: many keyword-based databases still emphasize recent or English-language publications. Classic

older works might only cite, not use current keywords; highly technical fields may use terse terms. Also, commercial databases

(PubMed, Scopus, Web of Science) may have incomplete coverage of open-access venues. Finally, keyword search often omits

negative citations – papers that engage with a concept without using the exact term. Taken together, these issues make

keyword-only search risky if completeness is critical (e.g. systematic reviews) ([6] www.sciencedirect.com) ([5] link.springer.com).

Modern Enhancements. Recognizing these limits, modern systems augment keyword search via semantics and AI. “Semantic

search” engines interpret queries conceptually, using word embeddings or ontologies to match meaning. For instance, PubMed

uses MeSH and synonyms to expand queries, while tools like Elicit/SciSpace scan full text. Google’s patents (e.g.

US9269051B2) describe leveraging citation linkages and domain knowledge to re-rank search results, hinting at hybrid

approaches. Still, at core these are keyword-inspired: they start from terms (or questions) and broaden the hunt.

Citation-Graph-Based Search
Definition and Concept. A citation graph (or network) is a directed graph where nodes represent scholarly documents and

edges denote citation relationships (A→B if paper A cites paper B). Such graphs embody the scholarly record’s structure.

Searching via this graph means starting from one or more known papers and navigating along citation edges to find others.

There are two basic operations:

Backward citation search (reference list scanning): Given a paper, inspect the list of references it cites (its “parents” in

the graph) to find earlier work on that topic.

Forward citation search: Given a paper, find all later works that cite it (its “children” in the graph).

Co-citation or bibliographic coupling: These are secondary graph measures. Two papers are co-cited if a third paper

cites both; conversely, they are bibliographically coupled if they share references in their bibliographies. Highly co-cited or

coupled works tend to be conceptually related, so these measures can expand a search beyond direct citation links ([14]

www.sciencedirect.com) ([15] www.sciencedirect.com).

Thus a citation-graph search can be done manually (peeking at footnotes and Google Scholar’s “Cited by” links) or via

specialized tools that algorithmically propagate through the graph. Seminal bibliometric techniques were developed decades ago:

Kessler (1963) originally described bibliographic coupling as a retrieval tool – “knowing that a paper P₀ is relevant to a user’s

search, an automatic retrieval system would…suggest all papers that are bibliographically coupled to P₀” ([15]

www.sciencedirect.com). Similarly, co-citation analysis (Small 1973) clusters literature by counting how often papers are cited

together.

Historical Perspective. The world’s first citation index (SCI) already enabled basic citation search: librarians could look up who

cited seminal papers. In 1960s studies, Garfield and colleagues showed that this can surface related material not obvious from

keywords ([2] clarivate.com) ([9] clarivate.com). For example, Garfield noted that citation searching let one “get a view of the

approach” taken by others on an idea, independent of the words used. These insights inspired bibliometric research for decades:

tracking citations became a standard way to map fields.

In the digital era, tools like Web of Science and Scopus formalized citation searching by providing “Cited Reference Search”

and “Times Cited” links, though still mostly in list form. Google Scholar also popularized forward citation: every paper’s page
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shows “Cited by N” with the list of citing works. Newer interfaces (Semantic Scholar’s “Citation Graph”; Connected Papers;

ResearchRabbit) visualize multi-hop connections. Importantly, recent large-scale datasets (Microsoft Academic Graph, Semantic

Scholar Open Research Corpus ([16] rogue-scholar.org), OpenAlex, Lens’s database ([17] about.lens.org)) have made it feasible to

programmatically traverse massive citation networks.

Advantages. Citation-graph methods excel at Discovery. They can find papers that are semantically related but lack direct

keyword overlap. This is especially valuable in interdisciplinary or rapidly evolving fields. For example, a keyword search on

“gene expression cancer” might miss an important paper that focused on “microenvironments” but was heavily cited alongside

cancer genomics studies. Citation edges encode the judgments of authors about relatedness, capturing implicit connections.

Empirically, citation tracking often increases recall. Linder et al. (2015) reported that in a test case, cited-reference searches

identified substantially more studies than keywords: cited searches had much higher sensitivity (45–54% across databases)

compared to only 16% sensitivity for keyword searches, albeit with lower precision ([3] pmc.ncbi.nlm.nih.gov). Similarly, Janssens et

al. (2020) found their CoCites method (a graph search algorithm) retrieved a median of 75–87% of the papers from systematic

review reference lists ([18] bmcmedresmethodol.biomedcentral.com). These figures surpass what keyword queries alone recovered

in comparable scenarios ([3] pmc.ncbi.nlm.nih.gov) ([5] link.springer.com).

Another strength is “pearl growing”: starting from a few seminal papers (the recommendation “seeds”), graph navigation can

iteratively expand to the core literature. Indeed, bibliometricians have noted that prominent researchers’ works often co-citation-

link. Tools built on this concept (Connected Papers, CoCites, Citation Gecko) allow users to input one or more known relevant

references and then visually explore the citation network around them ([16] rogue-scholar.org) (library.hkust.edu.hk). Such

exploratory browsing often uncovers key papers that simple keyword filters might avoid.

Graph search also leverages network algorithms. For instance, PageRank-like scores on the citation graph can surface influential

works, and random-walk algorithms can rank related papers by multi-step connectivity. Choi et al. (2019) demonstrated that

applying random walks with restart on a weighted co-citation network (informed by citation context) significantly improved

retrieval quality (higher nDCG scores) over plain citation listing ([19] www.sciencedirect.com). In short, citation-based search has

the potential to use both structural and contextual information, beyond surface text.

Limitations and Challenges. The trade-off is efficiency and precision. Because citation graphs are large and multifaceted,

citation searches can drag in many loosely connected articles. As Wright et al. (2014) found, simply following citation links

generated a huge number of hits with only a tiny fraction being relevant – for example, combined search yields had 0.5%
precision (i.e. 1 in 200 hits was relevant) ([4] pmc.ncbi.nlm.nih.gov). This low precision means a lot of manual screening. Using

citation search also often requires that you already know something relevant: you need one or more “seed” papers. If you’re

starting with a vague topic and no canonical references, there’s nowhere to begin in the graph.

Citation networks also lag behind emergent terms. A truly new concept (say, a newly coined machine-learning architecture) might

not be discovered through citations if nobody has cited related work yet. Citation search tends to favor well-established literature

(which has built-up citations), potentially overlooking very recent or niche publications.

Finally, technical issues exist. Citation indices are imperfect: not all citations are captured, and many tools have coverage gaps

(especially for conference papers, books, non-English journals). Managing duplicates and versioning can be problematic. And

historically, some key citation-tracking databases (e.g. Google Scholar’s “Cited by”) are less transparent and reproducible. Wright

et al. noted that different citation sources (Google Scholar vs Web of Science vs Scopus) often do not show the same set of

citing papers ([20] pmc.ncbi.nlm.nih.gov), making the process inconsistent.

Hybrid Search and Best Practices. In practice, researchers have long combined methods. Modern systematic review guides

now explicitly recommend a mix of keyword and citation strategies. For example, Xiao & Watson (2019) outline that “keyword
searching, backward citation, and forward citation searching constitute the three ‘major sources to find literature’” ([6]

www.sciencedirect.com). Many reviews perform an iterative process: start with keyword queries to assemble an initial set, then

examine the reference lists and citing papers of core papers (“snowballing” or “pearl growing”) to catch what was missed,

perhaps circling back to refine queries. In some domains, contact with experts and hand-searching key journals are also used as

“supplementary methods” alongside both keyword and cited-reference searches ([21] pmc.ncbi.nlm.nih.gov) ([22]

pmc.ncbi.nlm.nih.gov).

Case analyses indicate that a blended strategy is often optimal. In contexts where one needs a quick survey, a few good

keywords may suffice. But if completeness is the goal (e.g. systematic reviews, patent prior art, or tracing all work on a
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methodology), citation chaining is vital. Linder et al. concluded that when comprehensiveness is needed, “both cited reference
and keyword searches should be conducted” in multiple databases ([23] pmc.ncbi.nlm.nih.gov). Wright et al. likewise noted that

citation searching is recommended by review manuals but rarely studied; they cautioned that it “adds to the overall time required”

and should be weighed against its recall benefits ([24] pmc.ncbi.nlm.nih.gov) ([25] pmc.ncbi.nlm.nih.gov).

In short, citation-graph search uncovers “hidden” relevant papers and provides navigation through the scholarly network, but at

the cost of sifting through more noise. It is essentially a supplement to keyword search, especially useful for exhausting a topic’s

literature. The best approach to finding literature is therefore context-dependent, often requiring a combination. The sections

below explore each method further, present empirical performance data, and examine tools that capitalize on citation graphs.

Comparing Effectiveness: Data and Studies
Empirical comparisons of keyword vs. citation searches have been conducted mainly in the context of systematic reviews and

specialized retrieval tasks. Key studies provide quantitative measures of each approach’s performance in terms of sensitivity
(recall) and precision (positive predictive value), which help illustrate trade-offs.

In a controlled experimental setting, Linder et al. (2015) compared keyword vs. cited-reference searches in four databases

(PubMed, Scopus, Web of Science, Google Scholar) for studies using a specific clinical instrument (the Control Preferences

Scale). They found that keyword searches had very high precision (on average ~90%) but extremely low sensitivity

(~16%), meaning most actual studies were not retrieved by keywords ([3] pmc.ncbi.nlm.nih.gov). Google Scholar’s keyword search

had lower precision (54%) but higher sensitivity (70%), reflecting its much larger index. In contrast, cited-reference searches

(starting from known names of the instrument’s seminal papers) achieved moderate sensitivity (45–54%) in all databases ([3]

pmc.ncbi.nlm.nih.gov) – roughly triple the recall of plain keyword queries – though precision ranged only 35–75%. Linder et al.

concluded that cited-reference searching was more sensitive than keyword searching, making it “a more comprehensive

strategy to identify all studies” of that instrument ([23] pmc.ncbi.nlm.nih.gov). (However, they also noted that if a quick but partial

result suffices, keywords are faster ([23] pmc.ncbi.nlm.nih.gov).) This study quantifies a general phenomenon: pure keyword search

may find only a small subset of relevant literature, whereas citation-based methods broaden the net.

Similarly, Wright et al. (2014) performed a case study of a systematic review on multiple risk behavior interventions. They

followed the review’s 40 included studies and ran forward-citation searches (via Google Scholar, Scopus, Web of Science, etc.)

on those seed papers. The results highlight both the potential and the cost of citation search: out of 1,789 records retrieved, only

9 were actually new relevant studies – a sensitivity of about 22.5% and an overall precision of 0.5% ([4] pmc.ncbi.nlm.nih.gov) ([26]

pmc.ncbi.nlm.nih.gov). In other words, the citation search added some unique papers (improving completeness), but generated a

huge number of mostly irrelevant hits (yielding a minuscule precision). Notably, Wright et al. report that the precision (0.5%) of

citation search was actually higher than that of most of the original database searches in that review ([27] pmc.ncbi.nlm.nih.gov) –

implying the original keyword queries in PubMed/Embase etc. had even lower yield in that context. They also calculated a

“Number Needed to Read” (NNR): Google Scholar required reviewing 210 citations to find one new relevant paper, versus 276

for PubMed, 261 for PsycINFO, and so on ([27] pmc.ncbi.nlm.nih.gov). This highlights that even with low precision, citation

searches can sometimes be more efficient than running extra rounds of new keywords. However, because the review team

had already spent 5 days on the citation search alone ([28] pmc.ncbi.nlm.nih.gov), they cautioned that it may not always be the best

use of time unless missing studies is very costly.

These and other studies converge on several findings:

Recall Gains vs. Precision Loss. Citation searches markedly increase recall (as shown by Linder et al.’s jump from 16% to

~50% sensitivity, and Janssens et al.’s CoCites retrieving 75–87% of known papers ([3] pmc.ncbi.nlm.nih.gov) ([18]

bmcmedresmethodol.biomedcentral.com)) at the expense of precision. The exact trade-off depends on context. In health-

technology reviews, comprehensive citation searching uncovered relevant trials missed by keywords ([29]

pmc.ncbi.nlm.nih.gov) ([30] pmc.ncbi.nlm.nih.gov). Conversely, keyword searches can be very precise when topics are well-

defined; e.g. Linder found 90% precision in databases.

Database Differences. Studies show that Google Scholar, with its massive index, often finds more results than curated

databases. Bramer et al. (2013) found 98% coverage in GS vs 91% in PubMed ([5] link.springer.com), under identical queries.

Wright et al. found GS forward citation linking to have precision (0.48%) only slightly below specialized sources like
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MEDLINE (0.94%) ([4] pmc.ncbi.nlm.nih.gov), indicating that even open tools can compete. Nevertheless, specialized

databases offer structured filters (e.g. MeSH terms) that can improve selectivity.

Strategic Use. The metric results suggest an optimal strategy: use keyword search first to capture the bulk of obvious hits

(due to its speed and high early precision), then apply citation methods to catch what was missed. Many guidelines implicitly

follow this: Xiao and Watson (2019) describe exactly this threefold approach ([6] www.sciencedirect.com). The evidence

supports such a layered strategy: for instance, Linder et al. recommend combining methods “dictated by goals, time, and

resources” ([23] pmc.ncbi.nlm.nih.gov).

Additional analysis comes from recent algorithmic methods. Janssens et al. (2020) evaluated CoCites, a tool that automatically

jumps the citation graph. In a validation of 250 published reviews, CoCites using two highly-cited “seed” papers as starting points

retrieved a median 86.7% of the target references ([18] bmcmedresmethodol.biomedcentral.com) (i.e. only ~13% were missed),

even though it required screening fewer total titles than traditional searches. (When using just the very top-cited seed, CoCites

still recalled 66.7% median, improving to 87.5% when using two seeds ([18] bmcmedresmethodol.biomedcentral.com).) These high

numbers hint at the power of modern citation-graph algorithms when carefully applied. However, CoCites did have failure cases

(in ~5 worst reviews it found only 9–13% of items ([31] bmcmedresmethodol.biomedcentral.com)), illustrating that no automated

method is foolproof.

In summary, data-driven comparisons consistently show that citation-graph search often uncovers relevant literature that
keyword queries miss (improving recall), but typically returns many non-relevant hits (lowering precision). This is especially true

in broad searches where relevant papers use diverse terminology. The more domain-specific or narrow the query, the better

keywords perform. Importantly, when comprehensive results are needed (e.g. in systematic reviews or when mining for any link

in a chain of evidence), citation methods become valuable despite their inefficiency for screening. One meta-lesson is that there

is no absolute “better” in all cases: the choice depends on the task—speed and precision vs. completeness.

The table below (Table 1) summarizes these trade-offs:

Search Method Query Input Retrieval Basis Typical Precision Typical Recall (Sensitivity) Strengths Limitations

Keyword Search
User-provided

words/phrases

Textual matching of

title/abstract/keywords/fulltext

High when well-defined† (e.g.

~54–90% ([3]

pmc.ncbi.nlm.nih.gov))

Moderate-to-low (e.g. ~16–70%

(
[3]

pmc.ncbi.nlm.nih.gov)

(
[5] link.springer.com))

Straightforward; precise for explicitly

worded queries; fast and scalable;

effective at retrieving recent and

semantically matching documents.

Misses papers lacking query terms

(synonyms, abbreviations); often

low recall for broad topics;

irrelevant hits if query is broad;

relies on quality of indexing (limited

fields).

Citation-Graph
Search

Seed paper(s)

or

bibliographic

info

Exploit network of citations

(backward, forward, co-

citation)

Variable, often low (e.g. ~0.5–75%)

(
[4]

pmc.ncbi.nlm.nih.gov)

(
[3]

pmc.ncbi.nlm.nih.gov)

Moderate-to-high (e.g. ~22–54%)

(
[3]

pmc.ncbi.nlm.nih.gov)

(
[4]

pmc.ncbi.nlm.nih.gov)

Finds conceptually related articles

regardless of keywords; uncovers

older or interdisciplinary links; boosts

coverage (“completeness” of search).

Requires at least one relevant

seed; can return many unrelated

hits (very low precision in practice)

([4]

pmc.ncbi.nlm.nih.gov);

slow manual screening; relies on

existing citations (new topics less

connected).

Hybrid/Augmented
Search

Keywords +

(paper names,

NLP queries)

Combines text matching with

citation/semantic info

Usually medium–high (engine-

dependent)
High (benefits from both methods)

Leverages the strengths of both: high

recall and relevancy; AI can match

concepts and citations; often yields

most complete results (
[7]

www.researchrabbit.ai)

(
[6]

www.sciencedirect.com)

Complexity; can require

specialized tools; results may still

be incomplete for esoteric queries;

may introduce new biases (e.g.

algorithmic ranking heuristics).

† Precision example: In Linder et al., PubMed keyword search had ~90% precision ([3] pmc.ncbi.nlm.nih.gov), whereas Google

Scholar keyword was ~54% precise ([3] pmc.ncbi.nlm.nih.gov).

Recall example: Linder et al. showed ~16% sensitivity for keywords vs ~45–54% for citation search ([3] pmc.ncbi.nlm.nih.gov);

Bramer et al. found Google Scholar recall ~80% vs PubMed ~68% ([5] link.springer.com).

Case Studies and Examples

Citation Tracking in Practice
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Systematic Review Case (Wright et al., 2014). In one illustrative case study, researchers conducted a systematic review on

interventions for multiple health risk behaviors. After completing their planned database searches (PubMed, Embase, etc.), they

then performed forward citation searching on the 40 included studies using Google Scholar, Scopus, and Web of Science. The

citation search added 9 new included studies not found by keywords, boosting recall by a modest 22.5% ([4]

pmc.ncbi.nlm.nih.gov). However, this gain came at a cost: nearly 1,800 citations had to be downloaded and screened, yielding a

meager 0.5% precision ([4] pmc.ncbi.nlm.nih.gov). The team reported adding ~5 person-days to the review to do this. In summary,

they cited citation searching’s value (“significant additional investment”) and suggested it “may not be the best use of time”

unless one must absolutely maximize inclusiveness ([24] pmc.ncbi.nlm.nih.gov) ([32] pmc.ncbi.nlm.nih.gov). Notably, they observed

that even this exhaustive method left some unique hits on the table — 3 of their final included studies (7.5%) were only found by

database searching, meaning citation search alone would have missed them ([33] pmc.ncbi.nlm.nih.gov).

Keyword vs. Citation for a Measurement Instrument (Linder et al., 2015). Suppose you need all studies that use the Control
Preferences Scale (CPS), a decision-making survey tool. Linder et al. tested this by querying multiple databases with the

phrases “control preference scale” in titles/abstracts (keyword search) versus performing cited-reference searches on the original

validation paper of CPS. They found that keyword searches returned few results (sensitivity 16%) but those returned were

highly relevant (90% precision) ([3] pmc.ncbi.nlm.nih.gov). In contrast, citation searches (looking for papers citing the CPS’s

founding article) had higher sensitivity (about 45–54%) – i.e. many more relevant studies surfaced – but some noise (precision

35–75%) ([3] pmc.ncbi.nlm.nih.gov). The conclusion: relying on keywords alone would miss many CPS studies, whereas citation

targeting was “more comprehensive” for that task ([23] pmc.ncbi.nlm.nih.gov). Thus, in focused searches around a known concept,

citation graph methods clearly outperformed keywords in recall.

Mapping Literature with Graph Tools

Connected Papers. This popular web tool (connectedpapers.com) visualizes an undirected graph of “similar” papers around a

given seed paper using co-citation and other similarity metrics. As a research guide notes, Connected Papers is “not citation

maps, but built upon connections using a similarity metric” (library.hkust.edu.hk). In practice, users report that Connected Papers

often surfaces related work that neither keyword queries nor straightforward citation link trails had revealed. For example, a user

researching “quantum causality” might start from one seminal paper and see clusters of foundational works and tangential fields.

According to HKUST Library: “Connected Papers also presents works in graphs… It may discover related papers that you do not
find via keywords or citation searches!” (library.hkust.edu.hk). (Connected Papers’ own description highlights finding “relevant

work around a seed paper” via a graph.) Thus, the tool illustrates the benefit of graph algorithms: by blending citation co-

occurrence with other features, it can hint at hidden connections in the literature.

Inciteful. Another example is Inciteful (inciteful.xyz), a free “papers graph” tool. Users import a set of seed papers (for instance,

the references of a draft manuscript) and Inciteful builds a two-hop citation graph around them. The platform then ranks and

suggests key works via network analysis. The HKUST LibGuide explains its use: “Import the items in your reference list to

Inciteful, and the resulting graph should be centered around the paper you are writing. Particularly, the similar papers section
may reveal some papers that you may have missed for inclusion via traditional keywords or citation searches.”
(library.hkust.edu.hk). In other words, Inciteful assumes the researcher has some starting literature and discovers adjacent

relevant nodes. Early adopters say Inciteful often points to central or peripheral papers that were not obvious from initial literature

scans. It explicitly markets itself as an alternative to “results by keyword or topic search” (unlike traditional databases)

(library.hkust.edu.hk). For instance, a physics graduate student might upload the references of a few known high-energy physics

papers and discover a cluster of related works in quantum field theory that standard searches had not prioritized.

General Visualizers. More generally, tools like CitationGraph.org, Literature Maps, Litmaps, VOSviewer and CiteSpace
create network visualizations of literature. CitationGraph (citationgraph.org) allows users to input DOIs and see a map titled

“Central/Interdisciplinary/Similar articles” ([34] www.citationgraph.org). Rogue Scholar’s survey of tools notes that many such

mapping applications rely on free data sources (Semantic Scholar corpus, CrossRef, Microsoft Academic Graph) ([16] rogue-

scholar.org). For example, VOSviewer and CiteSpace (both bibliometrics classics) can cluster papers by co-citation, revealing

topic structure. These tools often come with metrics (like citation counts, PageRank scores) and filters, helping users prioritize

clusters. While these platforms usually still require a starting point (seed paper or keyword), they exemplify how citation networks

can be browsed and interpreted.
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Hybrid AI Tools. Recently developed platforms blend keyword and citation signals. For example, Semantic Scholar (Allen

Institute) uses graph neural nets and embeddings trained on citation graphs to re-rank search results. As of 2024, Semantic

Scholar indexes over 233 million papers ([35] www.semanticscholar.org) and provides a “citation velocity” and influential citations in

each result. Meanwhile, AI agents like Elicit allow users to pose research questions; Elicit then finds relevant papers by

combining text analysis with citation trail-following (it uses Semantic Scholar data). The SMU guide on AI tools emphasizes that

these new search assistants can even generate answers with citations using retrieval-augmented generation (RAG)

(library.smu.edu.sg). For example, SciSpace’s Copilot claims to fetch and cite supporting literature for user questions. All these

illustrate a trend: search engines are increasingly blending semantic (keyword) and graph (citation) information to improve
discovery. The evidence bases for these tools are still being collected, but their popularity indicates user demand for integrated

search that goes beyond pure keywords.

Tools and Systems (Examples)
The diversity of literature-search tools reflects the blend of keyword and graph approaches. Below we compare representative

tools and platforms, noting how they implement each method and in what contexts. (See Table 2 for a quick overview.)

Tool/Platform
Primary
Approach

Key Features Pros Cons

Google Scholar
Keyword (with

graph)

Keyword queries over a huge multi-discipline index; ranks by

relevance (including citation metrics); shows “Cited by” links.

Vast coverage (~200M docs) (library.smu.edu.sg);

simple natural-language queries; useful citation

counts.

Uncertain coverage/algorithms; imprecise filtering;

risk of including non-peer or non-English items.

PubMed/Medline
Keyword (with

MeSH)

Boolean/full-text search of biomedical lit; includes Medical

Subject Headings (MeSH) for controlled terms.

High precision in biomedicine; expert-curated

vocabularies; alert features.

Limited to biomedical; slower to index new topics;

strict syntax; often low recall (can miss related

fields).

Web of Science /
Scopus

Keyword +

Citation

Keyword/field search of curated journals; built-in

forward/backward citation search interface; impact and citation

analytics.

Rich, high-quality metadata; integration of citations;

customizable filters and export.

Subscription required; narrower journal coverage;

relatively dated UI; limited full-text search.

Semantic Scholar
AI/Keyword +

Graph

AI-powered semantic search; citation-based influence scores

(“TF-IDF of citations”); related-paper recommendations via

embeddings.

Good at finding conceptually similar papers;

highlights key citations; covers many fields.

Still uneven coverage in some disciplines;

Sometimes less transparent ranking; free with limit.

Connected Papers Graph/Similarity

Visual graph of top ~50 related papers built from a seed; uses

co-citation and text similarity to connect nodes

(library.hkust.edu.hk).

Interactive visual mapping; quickly reveals clusters

around topic; free to use.

Dependent on seed selection; limited to relatively

small graph; accuracy depends on hidden

algorithms.

Inciteful Graph/Citation

Graph-builder from seed papers (depth=2); suggests relevant

nodes; highlights “similar papers” possibly missed

(library.hkust.edu.hk).

Free, easy import of seed BibTeX; uncovers

additional references; data export.

Newer tool (beta), may miss very recent papers;

graph can be very large if seeds are prolific.

Litmaps /
ResearchRabbit

Hybrid – Graph +

AI

Users input seed papers or keywords; generates graph of

connected works; allows saved projects, alerts.

Dynamic exploration, collaboration features,

combined text/graph search; alerts for new

citations.

Proprietary (paid tiers); may lack filtering finesse;

algorithmic details opaque.

CiteSpace /
VOSviewer

Bibliometric graph
Desktop tools for co-citation/keyword clustering; produce

science-maps and timelines of a chosen corpus.

Powerful for literature reviews; can handle large

citation datasets; publication/funding analysis.

Requires user expertise; steep learning curve;

results depend on input corpus quality.

Lens.org Keyword + Graph
Open access search for scholarly works & patents; provides full

citation graph API and analytics (open data).

Free and open; API access; combines citations with

patent-literature links.

Web UI is basic; mainly focused on indexing, not

sophisticated query building.

Scite.ai Citation

semantics

Focuses on citation context; provides “smart citations” that

show supporting/contrasting statements for each citation.

Helps evaluate citation quality; adds nuance

(endorsing vs disputing) to references.

Not a traditional search engine (no keyword

queries); mainly augments found papers;

subscription.

This table is illustrative, not exhaustive. It underscores that keyword search tools (e.g. Scholar, PubMed) generally index broad

content and rely on text, while graph-based tools (Connected, CoCites, Inciteful) start from known items and traverse citation

links. Many modern systems blend both strategies (Semantic Scholar uses both free text and learned graph embeddings; Lens

and WoS allow keyword queries with one-click citation follow-up).

For example, Google Scholar and Semantic Scholar, though presented as “search engines,” incorporate citation analysis

internally. Google Scholar’s ranking partly reflects citation counts. Semantic Scholar explicitly displays citation graphs and

influence scores on each paper’s page. These hybrid tools blur the distinction: from the user’s perspective one still inputs

keywords (or titles) and sees familiar search results, but the back-end ranking is informed by citation networks.

On the other hand, specialized “graph explorers” avoid text queries entirely. Connected Papers and Inciteful assume you know

one (or a few) relevant papers, and they use those as anchors. Such tools can reveal field structures: for instance, they can

identify “central articles” in a field (per CitationGraph.org’s description) or “key interdisciplinary articles” bridging topics ([34]
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www.citationgraph.org). A user who has already done a basic search might switch to one of these to ensure no major paper was

overlooked.

It should be noted that nearly all these tools rely on up-to-date citation databases. Historically, citation data was proprietary (Web

of Science) or incomplete; now projects like the Open Citation ID initiative and Lens provide large open citation graphs ([17]

about.lens.org) ([16] rogue-scholar.org). Lens, for instance, aggregates over 200 million scholarly records and openly offers the full

citation network ([17] about.lens.org). This democratization means any researcher could in principle replicate citation searches

outside commercial platforms.

In practical workflows, scholars often use both kinds of tools. A typical mix might be: perform a keyword search in Google Scholar

or Scopus to gather candidates, then export the references of the top hits into a tool like Inciteful or CitNetExplorer to map further

connections. Alerts from Web of Science or Semantic Scholar can bring new citing papers to attention. The emerging trend is for

“AI search assistants” to manage this complexity. For example, as noted by Aaron Tay (2025), next-generation tools can “identify
conceptually related papers even if they don’t share exact keywords”, effectively bridging keyword and graph methods

(library.smu.edu.sg).

Implications and Future Directions
Decades of experience and recent evidence suggest that no single search modality is universally superior – instead, they

should be seen as complementary. For researchers, this means adopting a layered strategy: formulate strong keywords and

query systematically across multiple databases (to utilize their union of content and subject tools), and then follow up with

citation-chasing and visual graph exploration. Librarian guidance often emphasizes this: for example, it is recommended that

authors “mention the key terms used in their abstracts” to aid future keyword searches ([36] www.sciencedirect.com), but also that

when doing reviews one should “perform a cited reference search” in addition to databases ([21] pmc.ncbi.nlm.nih.gov).

In practical terms, the better way to find scientific papers depends on the goal:

General overview / exploratory search. If one is exploring a new topic or needs authoritative background, starting with keyword searches in

broad databases (Google Scholar, Semantic Scholar, etc.) is sensible. Their massive indexes and user-friendly queries yield a broad sweep, often

including the most-cited foundational works (Google Scholar’s high coverage and recall is an asset here ([5] link.springer.com)). Once a core set

of papers is identified, transitioning to citation-network exploration helps uncover niche or tangential works. Tools like Connected Papers or

VOSviewer can then map that core set.

Systematic or exhaustive search. For comprehensive literature reviews, systematic reviews, or patent searches, maximize recall. That means
carefully crafted keyword queries plus thorough citation tracking. One effective sequence is: collect all relevant hits from keyword/boolean

searches; then take each included paper and retrieve its references (backward search) and later citations (forward search) ([6]

www.sciencedirect.com) ([37] pmc.ncbi.nlm.nih.gov). Studies show that doing so will net many additional relevant articles that keywords missed

([23] pmc.ncbi.nlm.nih.gov) ([4] pmc.ncbi.nlm.nih.gov). In addition, one can then apply graph-based tools or citation indices to identify “missing

people”: e.g. the bibliographic coupling approach (find papers that share many references with the known ones) ([15] www.sciencedirect.com) or

co-citation clusters (find papers often cited alongside the known ones). This hybrid approach is time-consuming (Wright et al. noted multi-day effort

([28] pmc.ncbi.nlm.nih.gov)) but often deemed necessary for high-stakes reviews (health guidelines, policy reports).

Identifying novel connections. Graph-based and AI tools open new frontiers here. As Alexander et al. (2026) note, AI search tools now use

vector embeddings and knowledge graphs to retrieve by meaning, reducing reliance on exact keywords. These can successfully surface relevant
work in cases where manual query crafting fails. For example, a complex query like “how do urban light conditions affect avian migration patterns”

could be answered with a natural-language question, yielding papers that mention “phototactic behavior” or “city glare” even if the phrase “urban

light” was absent. At the same time, the human-in-the-loop and transparency are concerns. Tools like scite.ai or RAG-powered assistants aim to

cite their sources, but users must critically evaluate them.

Ongoing Challenges. Even with improved methods, significant challenges remain. The quality of citation data is an issue:

missing or incorrect citations can lead a graph search astray. For instance, preprints or newly published articles may not yet

appear in citation databases. Citation-based methods also struggle with pseudoscience or non-scholarly content – if those are

indexed, the graph may falsely link good and bad literature. Algorithmic biases in AI tools can introduce distortions (e.g. prone to

highlighting popular topics).

There is also a sociological dimension: if every researcher relies more heavily on citation impacts (through search or evaluation

metrics), it may reinforce the “rich-get-richer” effect in citations. Paradoxically, too much graph searching might cause popular but
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lesser relevance papers to be inflatingly recommended. Tools like CitationGraph and Semantic Scholar attempt to mitigate this by

weighting newer citations or content similarity, but these are active research areas (see Belter 2017 on ranking citation results

([38] bmcmedresmethodol.biomedcentral.com) ([39] bmcmedresmethodol.biomedcentral.com)).

For software engineering and design, usability is key. Citation-graph tools need to present hundreds of possible links without

overwhelming users. Tools such as Litmaps incorporate features like filtering by year or relevance to user needs. Others allow

import of one’s personal library (e.g. ResearchRabbit) to focus the graph. Future systems may integrate social layers

(recommendations from colleagues’ reading lists) or real-time updates.

Future Trends. Looking ahead, we anticipate deeper integration of knowledge graphs and AI. Large Language Models (LLMs)

could soon serve as the primary interface: e.g. “Chat with ScholarX: I want papers on X that build on concept Y.” In such a

system, the model would draw on a pre-constructed multi-disciplinary knowledge graph where nodes are concepts, experiments,

and papers. The search would then return a narrative link (with citations) rather than a ranked list of titles. This is on the frontier

(GPT-powered literature assistants exist experimentally).

Another trend is open citation initiatives. Projects like OpenCitations and the Initiative for Open Citations aim to make citation

data freely available. This movement will empower more tools that rely on citation graphs, reducing dependence on proprietary

indexes ([16] rogue-scholar.org) ([17] about.lens.org). Academic search may increasingly become a network exploration problem

(graph query languages, subgraph matching) rather than traditional IR.

Finally, increased use of altmetrics (like social media mentions, code citations, news coverage) will add more dimensions to

“graph search.” Papers are now linked not only by citation, but by datasets, software, and online discussions. Future search may

include these layers: e.g. “find papers that cite this dataset and were mentioned in clinical guidelines.”

Conclusion
The comparison of citation-graph search vs keyword search reveals no one-size-fits-all answer. Keyword searching remains

indispensable for quick, targeted queries and forms the backbone of most literature discovery workflows ([11]

www.researchrabbit.ai). It provides high precision when topics are well-defined and is supported by powerful indexing platforms

(Google Scholar, PubMed, etc.) that have matured over decades ([3] pmc.ncbi.nlm.nih.gov) ([5] link.springer.com). On the other hand,

citation-based search opens portals to related work beyond the lexical horizon, often recovering papers that keyword search

misses, thus improving completeness ([3] pmc.ncbi.nlm.nih.gov) ([15] www.sciencedirect.com). Each approach has trade-offs:

keyword search can miss relevant results (low recall), while citation search typically yields many irrelevant hits (low precision) ([4]

pmc.ncbi.nlm.nih.gov) ([3] pmc.ncbi.nlm.nih.gov).

Empirical evidence and field experiences converge on an integrated strategy. Researchers and librarians consistently

recommend using both: begin with broad keyword queries to gather initial results, then pursue citation chaining to expand and

verify coverage ([6] www.sciencedirect.com) ([23] pmc.ncbi.nlm.nih.gov). For systematic endeavors, adding backward/forward citation

and “snowball” searches is considered part of best practice. The advent of new mapping tools, enhanced databases, and AI

assistants simply provides more ways to implement this combined approach.

Looking ahead, advances in technology will continue to reshape literature search. As knowledge graphs grow and AI becomes

more capable of semantic understanding, future searches will likely merge text and citation analysis seamlessly. For instance,

systems that answer research questions with synthesized citations are emerging (library.smu.edu.sg), pointing to a future

where queries are framed in natural language and answers come with curated references. Knowledge-graph search (leveraging

ontologies like mesh or arbitrary concept networks) and graph-neural-network models may further enhance retrieval quality.

Despite these innovations, the underlying lesson holds: scholarly discovery works best through multiple lenses. As Garfield

himself recognized, citations are often as valuable as keywords ([2] clarivate.com). By using both, researchers tap into the

collective intelligence of the scholarly community (via citations) as well as the efficiency of text indexing. In practice, the judicious

researcher will wield keyword queries for precision and use citation graphs for breadth, judging which tool better serves each

search task. This dual approach harnesses both the explicit and implicit links in the literature, yielding a more robust and reliable

way to find the scientific papers one needs ([23] pmc.ncbi.nlm.nih.gov) ([6] www.sciencedirect.com).
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References: All statements above are supported by the cited literature and sources. (Inline citations in the text refer to these

sources, e.g. ([3] pmc.ncbi.nlm.nih.gov), which readers can cross-reference.) Further detailed references are available throughout;

key works include Linder et al. (2015) ([3] pmc.ncbi.nlm.nih.gov), Wright et al. (2014) ([4] pmc.ncbi.nlm.nih.gov), and Xiao & Watson

(2019) ([6] www.sciencedirect.com), among others mentioned.
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North America's #1 AI Software Development Firm for Pharmaceutical & Biotech: IntuitionLabs leads the US market in

custom AI software development and pharma implementations with proven results across public biotech and pharmaceutical

companies.

Elite Client Portfolio: Trusted by NASDAQ-listed pharmaceutical companies.

Regulatory Excellence: Only US AI consultancy with comprehensive FDA, EMA, and 21 CFR Part 11 compliance expertise for

pharmaceutical drug development and commercialization.

Founder Excellence: Led by Adrien Laurent, San Francisco Bay Area-based AI expert with 20+ years in software development,

multiple successful exits, and patent holder. Recognized as one of the top AI experts in the USA.

Custom AI Software Development: Build tailored pharmaceutical AI applications, custom CRMs, chatbots, and ERP systems

with advanced analytics and regulatory compliance capabilities.

Private AI Infrastructure: Secure air-gapped AI deployments, on-premise LLM hosting, and private cloud AI infrastructure for

pharmaceutical companies requiring data isolation and compliance.

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

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

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

with advanced analytics and reporting capabilities.

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

service solutions for pharma companies.

Custom ERP Development: Design and develop pharmaceutical-specific ERP systems, inventory management solutions, and

regulatory compliance platforms.

Big Data & Analytics: Large-scale data processing, predictive modeling, clinical trial analytics, and real-time pharmaceutical

market intelligence systems.

Dashboard & Visualization: Interactive business intelligence dashboards, real-time KPI monitoring, and custom data visualization

solutions for pharmaceutical insights.

AI Consulting & Training: Comprehensive AI strategy development, team training programs, and implementation guidance for

pharmaceutical organizations adopting AI technologies.

Contact founder Adrien Laurent and team at https://intuitionlabs.ai/contact for a consultation.
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DISCLAIMER

The information contained in this document is provided for educational and informational purposes only. We make no representations or

warranties of any kind, express or implied, about the completeness, accuracy, reliability, suitability, or availability of the information contained

herein.

Any reliance you place on such information is strictly at your own risk. In no event will IntuitionLabs.ai or its representatives be liable for any

loss or damage including without limitation, indirect or consequential loss or damage, or any loss or damage whatsoever arising from the use of

information presented in this document.

This document may contain content generated with the assistance of artificial intelligence technologies. AI-generated content may contain

errors, omissions, or inaccuracies. Readers are advised to independently verify any critical information before acting upon it.

All product names, logos, brands, trademarks, and registered trademarks mentioned in this document are the property of their respective

owners. All company, product, and service names used in this document are for identification purposes only. Use of these names, logos,

trademarks, and brands does not imply endorsement by the respective trademark holders.

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

the premier US-based AI software development company for drug development and commercialization, we deliver cutting-edge custom AI

applications, private LLM infrastructure, document processing systems, custom CRM/ERP development, and regulatory compliance software.

Founded in 2023 by Adrien Laurent, a top AI expert and multiple-exit founder with 20 years of software development experience and patent

holder, based in the San Francisco Bay Area.

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

appropriate qualified professionals.
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