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What do we mean by “agentic”

● Agentic AI applications = “systems designed to take autonomous action toward a goal rather 

than just respond to prompts”. 

● They can plan, make decisions, use tools, and adapt their behaviour based on feedback.

● They operate more like collaborators than passive assistants. 

● In practice, they handle multi-step tasks end-to-end with minimal human intervention.

● E.g. You specify a search query and they execute specific study identification, synthesis 

and report tasks. 

● Discussion today to include consensus-like retrieval tools (Consensus, Elicit), platform-specific 

agents (Undermind), and contextual role of Scite and related citation-centric services in 

evidence discovery and synthesis. 



Overview of the landscape and core claims about AI-assisted literature search engines

Retrieval-augmented and AI-assisted search engines, including Consensus, Elicit, and Scite, 
have started to be evaluated as specialized tools for literature retrieval and synthesis, and are 
often described as enabling retrieval-augmented generation (RAG) with source-citation 
grounding. 

However, most systems do not autonomously produce fully reliable literature reviews and require 
human oversight to avoid bias and errors. These themes are discussed in Nature-style 
coverage and direct evaluations of AI-assisted search tools (Pearson, 2024; , and in 
comprehensive reviews of Scite, Consensus, and Elicit architectures and capabilities Jin et 
al., 2024), (Edelman & Skolnick, 2025). 

In particular, Consensus and Elicit are characterized as search engines that ground results in 
citations and database sources, whereas Scite provides context for citations, including 
whether a citing paper supports or refutes a claim (Pearson, 2024; , Jin et al., 2024), Nicholson 
et al., 2021.

Literature highlights that many tools search open-access content or abstracts rather than full 
text, which can limit the completeness of automated synthesis (Pearson, 2024; , (Edelman & 
Skolnick, 2025). This limitation is echoed in reviews of Valsci and other groundings that 
emphasize provenance and citation quality as key to reliable literature verification (Edelman & 
Skolnick, 2025).
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Why are we interested?

● Recently released AI toolset based on autonomous agents named PaperQA2, demonstrates potential of using 

full-text scientific papers to generate accurate, comprehensive summaries by accessing both open-access and 

paywalled content (Skarlinski et al, 2024; Pearson,2024). 

● Digest entire articles rather than just abstracts - systems can identify and synthesize key information with “fewer 

reasoning errors than traditional human-written summaries”.

● Beyond PaperQA2,…other tools, such as Scholarcy, Undermind, Amass, Elicit, Consensus or 

SciSummary,…have been adapted to meet needs of the scientific community: 

○ summarizing the literature, 

○ identifying argumentative gaps and valuable insights buried in otherwise unread articles,

○ suggesting relevant studies, 

○ synthesizing contrasting scientific opinions and even 

○ conducting meta-analytic calculations (Purewal et al, 2025). 



Where can we find them?:

● Undermind Website: 

https://undermind.ai   

● Consensus Website: 

https://consensus.app  

● Elicit Website: 

https://elicit.com  

● Scite Website: 

https://scite.ai   

https://undermind.ai/
https://consensus.app/
https://elicit.com/
https://scite.ai/


When might we use them?

For Sensitisation:
● Preparation for Discussion with Commissioners (AB)
During Protocol Development: 
● Exploratory Searches (finding test/training sets for search [or for designing data extraction/quality assessment (AB)]; 

finding relevant keywords) (FS) 
● Scoping Searches (Giving rough numbers to team for workload estimate for funding application or planning) (FS)
● For Methodology (AB)
At Last Stage of Protocol Developments/After Registration 
● Systematic Searches (FS)
● Supplementary Searches (FS, AB)
● Finding Evidence to Support/Refute Programme Theories in Realist Synthesis (AB)
● At Final Stage of Screening (Citation Tracking / Reference Checking Searches) (FS)
For Classification/Categorisation/Mapping
● Classification Searches in Evidence Synthesis Context based on Purpose (FS)
● Classification Tools that use Agentic Searches (FS)
When Writing Up
● For Background (AB)
● To support Methodological Justifications (AB)
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Head to Head Comparison

Tool Typical monthly subscription* Main data sources Core use case focus Stand-out / innovative features

Undermind Freemium; Pro $16 per month, billed 

annually

Broad scientific literature; follows 

citation graphs across papers 

Deep, autonomous 

literature review and novelty 

checking

Autonomous iterative search that 

reads hundreds–thousands of papers, 

traverses full citation graph, and returns a 

synthesized report with relevance 

explanations. 

Elicit

Free tier; Plus for $12 a month and 

generate more reports and export your 

results to flexible formats like CSV, RIS, 

and BIB.; higher research plans from 

~$42–$49+; enterprise custom (usually 

billed annually) 

~138M+ academic papers and 

~500k+ clinical trials, with growing 

sources 

End-to-end evidence 

synthesis and systematic 

reviews

Semantic paper search, highly 

customizable research tables, automated 

research reports, and a dedicated 

systematic review workflow with 

large-scale data extraction and 

sentence-level citations. 

Scite Free tier Personal Access for individual 

use £14/ monthly

~200M+ scholarly sources and 

1.3B+ citations from journals, 

preprints, etc. 

Evaluating reliability of 

papers via citation context

Smart Citations that classify whether 

later papers support, contrast, or just 

mention a claim; AI assistant plus full-text 

search and dashboards for citation-aware 

literature review. 

Consensus Free tier; Pro ≈ $10/user/month; Deep ≈ 

$45/user/month; enterprise/custom tiers 

200M+ peer-reviewed research 

papers across disciplines 

Fast question-answering 

over scientific literature

AI search that returns evidence-based 

answers with citations, a Consensus 

Meter showing level of agreement, Study 

Snapshots, and a Copilot-style synthesis 

across multiple papers. 



Where Do they get their References from?

● Most Agentic Search tools use one or more Knowledge 
Graphs (Lens.org, OpenAlex, or Semantic Scholar). 

● OpenAlex is generally the strongest choice for 
programmatic access and reproducible evidence 
synthesis workflows given its fully open bulk data and 

permissive licensing — which matters a lot for the type 
of transparent, auditable methodology expected in 
systematic reviews. 

● Lens.org is uniquely valuable when patent literature is 
in scope. 

● Semantic Scholar's semantic similarity features make 
it useful for exploratory searching but its coverage is 
less uniform across disciplines than Lens.org or 

OpenAlex.
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Specific Details of Knowledge Bases

● Elicit, Undermind, and Consensus are broadly 
retrieval-and-synthesis tools built on top of 
Semantic Scholar (and, for Consensus, OpenAlex), 

● Note: For systematic review purposes, heavy 
dependence of three tools on the same underlying 
database (Semantic Scholar) so what does a search 

across multiple agentic tools (Elicit, Undermind, 
and Consensus) actually add in terms of 
independent retrieval?

● NB. scite stands apart from the other three in both 
its data architecture and its function: scite is a 
“citation intelligence platform with a knowledge 
base assembled through publisher partnerships”. 
Gives scite far better full-text coverage but with 

subscription costs, while Elicit, Undermind, and 
Consensus offer meaningful free tiers.  
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How do they “Choose” their References?

● A combination of Knowledge Graph and Retrieval-Augmented Generation , so-called Safety Retrieval-

Augmented Generation, pushes the hallucination of references to zero

● HOWEVER, since knowledge graphs grab records from multiple sources, the records or the final produced search 

report are likely to have duplicates that AI cannot recognise to group as one - cites same paper as two or more 

unique references (double counting/double weighting).

● RAG is process of optimizing output of a large language model, so it references an authoritative knowledge base 

outside of its training data sources before generating a response. 

● Large Language Models (LLMs) are trained on vast volumes of data and use billions of parameters to generate 

original output for tasks like answering questions, translating languages, and completing sentences. 

● RAG extends the capabilities of LLMs to specific knowledge bases, all without the need to retrain the model. It is 

a cost-effective approach to improving LLM output so it remains relevant, accurate, and useful in various 

contexts.
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About Undermind

● For Undermind, free version searches titles/abstracts; paid version searches full text 

as well (when available).

● Can use Undermind for refining the research/review question (an automated 

“reference interview”), even when you don't need to run an agentic search 

[FS/SCHARR Team].
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Topic 
Scoping

Realist Evaluations of Companion Animals in Health and Social Care.

Undermind



Assistance In defining the Topic

Classification/Conceptualisation



Literature Characteristics, Structure and Organisation
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Undermind “Evaluations”

● Undermind: Tay (New AI Tool Shows the Power of Successive Search) - benchmark-driven evaluation of Undermind 

versus Google Scholar, showing substantial improvements in locating relevant results and expanded coverage, 

achieved via iterative, citation-trail-aware searches. 

○ >>> Undermind’s successive-search strategy increases the density of highly relevant results and broadens the 

set of retrieved literature compared to traditional search engines (Tay, 2024).

● Giustini (Undermind.ai product review) characterizes Undermind as a sophisticated AI search tool for health sciences 

librarians; while it provides seed-papers, summaries, and match scores, it notes slower response times and the need to 

balance cost and utility. 

○ >>> Situates Undermind among other AI search tools (Elicit, Scite, Consensus) and discusses its fit in knowledge 

syntheses and librarian workflows (Giustini, 2025).

References:

Giustini, D. M. (2025). Undermind.ai (product review). Journal of the Canadian Health Libraries Association Journal De 

l’Association Des bibliothèques De La Santé Du Canada, 46(2), 42–46. https://doi.org/10.29173/jchla29854

Tay A. New AI tool shows the power of successive search. Katina: Librarianship Elevated. 2024 Nov 12. 

https://katinamagazine.org/content/article/main-section/2024/undermind-ai-shows-the-power-of-successive-search 
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Your Experience of 
Undermind?
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ELICIT – Free Tier



ELICIT – Free Tier



Elicit Evaluation

Empirical evaluation by Lau and Golder (comparison of Elicit AI to traditional searching in 
evidence syntheses). Elicit (AI-assisted) searches have limited sensitivity and should not 
replace traditional searches, though they offer high precision and potential utility in 
complementing traditional workflows. 

• Reinforces theme that AI search tools are valuable as supplements but are not yet stand-
alone replacements for systematic searching (Lau & Golder, 2025).

Reference:

● Lau, O. and Golder, S. (2025). Comparison of Elicit AI and Traditional Literature Searching 

in Evidence Syntheses Using Four Case Studies. Cochrane Evidence Synthesis and 

Methods, 3(6). https://doi.org/10.1002/cesm.70050
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Your Experience of Elicit?
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Consensus – Free Tier

Consensus Meter – BUT if 

we Add Possibly, Mixed and 

No results together we have 

more studies (n = 7) than Yes 

(n = 6) – but that is vote-

counting – and some studies 

are Systematic Reviews.

Positive 

non-risk 

averse 

conclusion

Impressive numbers but no. of 

included studies will always = 

maximum of 50! [free tier]

Consensus reports the pros and 

cons without considering the 

quality and design of the studies 

(e.g., case reports = RCTs).



Your Experience of 
Consensus?
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Scite Assistant
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As Narrative:

:As Tables



Scite Search – Citations in Context

Compare Google 

Scholar – 

Limitations of 

topic; or of review 

in general not 

method



Scite “Evaluations”

● Scite’s smart-citation framework and tools; contextual classification of citations and integration into 

workflows Nicholson et al., 2021 .

● Synthesis of Scite, Elicit, and Consensus capabilities alongside Scite’s contextual citation classification is 

supported by multiple sources emphasizing that Scite’s “smart citation index” contextualizes citations and 

offers search and analysis tools that complement traditional databases Nicholson et al., 2021.

● May be useful searching contextual information to support/refute programme theory Hunter et al 2026

References

● Hunter R, Booth A, Wood L. Searching smarter, not harder: leveraging AI to enhance literature searches for 

theory-driven reviews—A methodological case study. BMC Medical Research Methodology. 2026 Mar 4.

● Nicholson JM, Milo Mordaunt, Patrice Lopez, Ashish Uppala, Domenic Rosati, Neves P. Rodrigues, Peter 

Grabitz, Sean C. Rife; scite: A smart citation index that displays the context of citations and classifies their 

intent using deep learning. Quantitative Science Studies 2021; 2 (3): 882–898. doi: 

https://doi.org/10.1162/qss_a_00146

26



Your Experience of scite?
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Other Similar Literature-Based / Agentic Research Tools

Semantic Search & Literature 
Review Assistants

Scholarcy — Automated paper 
summarization and flashcards.

SciSummary — Extracts 
abstracts, methods, results, 
and conclusions.

Genei — AI-powered 
summarization and note-taking 
for academic papers.

Wiseone — Browser-based 
research assistant for reading 
academic content.

SummarizePaper — Retrieves 
and summarizes arXiv papers.

Emergent Mind (LearnGPT) — 
Tracks and categorizes new 
arXiv papers.

Citation-Focused Tools

• Sourcely — Automated 
citation creation with 
metadata extraction. 

• SciSpace Citation 
Generator — Bulk citation 
processing and error 
detection. 

• Trinka AI — Writing assistant 
with citation management. 

• MyBib / Citation Machine / 
Scribbr / Grammarly 
Citation Generator — 
Large-scale citation 
formatting tools.

Research Discovery & 
Knowledge Graph Tools

Tools that map relationships 
between papers, concepts, 
and citations.

• IdeaBuddy / Linnk — 
Concept mapping and 
research organization. 

• ResearchRabbit

Domain-Specific or 
Workflow-Enhancing Tools

• Thesify — Academic thesis 
feedback. 

• QuillMinds — Academic 
writing assistant. 



Your Experience of these 
Other Tools?
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Your Experience of 
OpenEvidence?
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Agentic Tools often massage your ego by telling you what a 
great question you have asked – “anchoring” effect for your 
expectations from the search? 

They use adjectives (Deep dive) and verbs (Deepdigging) to 
build confidence in the product e.g. Deep Search (gives 
results)/Deep Research (gives a report/summary as well)/ 

They use anthropomorphic terminology to imply analogy to 
human processes (e.g. Thinking/Reasoning).
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Eliciting Rapid Reviews on RequeSt (ERRORS!)

Generate a brief scientific rapid review 

paper that demonstrates that eating eggs 

is good for hair loss (CLAUDE AI)

HEALTH WARNING: Do not try this at 

home:

● Where’s the Equipoise?

● No References (you can graft them on 

post hoc!)

● Data Dredging (I can’t find the 

optimal “direct interventional 

evidence” so I’ll settle for something 

less “the nutritional profile”)

33



New Direction to Watch!

● Linking Generic AI tools such as Chat GPT and 

Claude Ai through MCP with knowledge bases 

such as Consensus and scite (Usually only at paid 

subscription levels)

● MCP (Model Context Protocol) is an open 

standard that lets AI assistants connect to 

external data sources and tools. E.g. Scite’s MCP 

server gives your AI assistant direct access to 

scientific literature search and Smart Citations 

from within tools like ChatGPT, Claude, and other 

AI assistants.
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Quick (opinionated!) take on the user case (AB + FS)  

● If you want “do the deep review for me”: Undermind is built for autonomous, in-depth scoping and 

novelty checks— offers coverage and synthesis instead of hands-on control (AB). 

● If you are wanting to run live updates for reviews in progress: Undermind’s auto-update facility has 

been “fantastic for our guideline projects and has identified all the new relevant papers so far” (FS). [Note 

scite has update facility but some doubt about how current and complete it may be (AB)]

● If you’re running systematic reviews or complex evidence syntheses: Elicit is strongest fit; its tables, 

custom columns, and systematic review workflow are designed for that style of work (Can add extra 

columns) (AB).

● If you care about whether a paper is trusted or contested: scite Search is uniquely good—its smart 

citation context is something the others don’t really match (Useful for Realist Synthesis?) (AB).

● If you want to be confident about the interpretation of your question and the coverage of the 

literature don’t use scite Assistant (AB).

● If you mostly want fast, evidence-backed answers to questions: Consensus is efficient for “what does 

the literature say about X?” with clear summaries and a sense of how strong the agreement is. 

OpenEvidence may be emerging as a “go to” resource for these types of quick evidence backed answers 

(AB)



Practical Limitations

● Irreproducibility

● Reliance on or bias towards visible (well-indexed) and open-access content

● If they use Citation data they may favour older items

● Ignore unreadable PDFs, non-standard resources, or grey literature (missing WHO IRIS). 

● No control over agentic process after it starts; only control is at beginning (input) and when seeing output 

(May need to restart).

● Beguiling, mentally satisfying outputs (May cater to “Satisfied but inept user” – importance of (i) “human in 

the loop” (ii) triangulation of results against other search techniques.

● “I use Google Scholar Labs (which allows up to 50 records) to find records that other agentic tools miss” - 

FS. 
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Limitations identified by the Literature

Hallucination and reliability concerns: Consistent concern that LLM-based literature tools may fabricate or 
misrepresent sources, or fail to retrieve or interpret sources correctly, especially when used in isolation. 
PaperAsk’s benchmarking framework explicitly documents reliability failures in citation retrieval, content 
extraction, and paper discovery for several LLMs, highlighting a pressing need for reliability classifiers and 
robust evaluation frameworks for scholarly agents (Wu, 2025).

Full-text access and provenance: A recurring constraint is access to full texts, with many tools limited to 
abstracts or open-access content, which constrains the completeness and trustworthiness of automated 
syntheses. This aligns with Nature’s discussion on retrieval-augmented generation and source referencing in 
AI-powered science search engines such as Consensus and Elicit (Pearson, 2024; , as well as open-source 
tooling that emphasizes verifiable citations and bibliometric grounding (Valsci) (Edelman & Skolnick, 2025).

Human-in-the-loop necessity: Across comparative analyses, human-in-the-loop (and neurosymbolic) designs 
show superior reproducibility and interpretability relative to purely autonomous systems. This is a consistent 
conclusion of multiple studies evaluating automated search strategies and evidence synthesis pipelines (Vera, 
2025), (Pan et al., 2025), (Lau & Golder, 2025).

Key supporting sources:

Edelman, B. and Skolnick, J. (2025). Valsci: an open-source, self-hostable literature review utility for automated 
large-batch scientific claim verification using large language models. BMC Bioinformatics, 26(1). 
https://doi.org/10.1186/s12859-025-06159-4

Pearson, H. (2024). Can AI review the scientific literature — and figure out what it all means?. Nature, 635(8038), 
276-278. https://doi.org/10.1038/d41586-024-03676-9

Wu Y, Liu X, Feng Y, Ding J, Ma X. Paperask: A benchmark for reliability evaluation of llms in paper search and 
reading. arXiv preprint arXiv:2510.22242. 2025 Oct 25. 
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Grey Literature via CLAUDE AI?

• Conduct a wide-ranging Internet search 
focusing on the grey literature (i.e. 
not peer reviewed academic 
literature) and also on examples in 
languages other than English. 

• Address the following objectives: To 
identify, catalogue and synthesize 
peer-reviewed and grey scientific 
literature on the classification and 
typologies, team composition and role 
definitions, minimum operational 
standards and standard operating 
procedures and training curricula of 
Public Health Teams (PHT) 
(emergency response)/Public Health 
Rapid Response Teams at subnational, 
national, regional, and global levels.

* To assess and contrast the consistency 
and variability in PHT models across 
different contexts, including low-, 
middle-, and high-income countries, and 
humanitarian or emergency settings.

* To identify gaps and limitations in the 
literature and recommend areas for 
future research and guidance 
development.

Synthesized comprehensive review across eight structured dimensions

This is a substantial undertaking. Here is a wide-ranging synthesis based on 
peer-reviewed literature, agency guidance, grey literature, and non-
English sources across global contexts.

Public Health Teams in Emergency Response: A Scoping Synthesis of 
Classification, Composition, Standards, and Training

1. Introduction and Terminological Landscape

The concept of a dedicated, deployable team for responding to public health 
emergencies is not new, but its formalisation into explicit policy 
frameworks has accelerated markedly since the adoption of the 
International Health Regulations (IHR 2005), which require all 196 
States Parties to establish the capacity to respond promptly and 
effectively to public health risks. The IHR (2005) dictate the need for 
states parties to establish capacity to respond promptly and effectively 
to public health risks, and public health rapid response teams (RRTs) 
can fulfil this need as a component of a larger public health emergency 
response infrastructure. PubMed

 The literature reveals, however, that the terminology used for these teams is 
far from uniform. Across agencies, countries, and languages, teams are 
variously referred to as Public Health Rapid Response Teams (PHRRTs 
or RRTs), Public Health Rapid Support Teams (UK-PHRST), 
Emergency Response Teams, Équipes d'Intervention Rapide (EIR) in 
Francophone Africa, and Equipos Multidisciplinarios de Respuesta 
Rápida (EMRR) in the Spanish-speaking Americas. This terminological 
heterogeneity already signals a deeper problem: the field lacks a 
shared definitional or classificatory framework that would allow 
meaningful comparison between team models across contexts.

The WHO-affiliated Technical Working Group on Rapid Response 
Capacities, convened in January 2024, represents the most significant 
recent attempt to address this gap at the interagency level. Its terms of 
reference referenced the CDC's 2020 guidance on the establishment 
and management of public health RRTs, WHO's 2021 classification and 
minimum standards for Emergency Medical Teams, and WHO's 2021 
guidance for Rapid Response Mobile Laboratory classification WHO, 
alongside networks including GOARN, the Emergency Medical Teams 
initiative, the EOC-NET, and TEPHINET. The existence of this working 
group confirms that international consensus on definitions, minimum 
standards, and classification remains a work-in-progress rather than an 
accomplished fact.

1. Introduction and Terminological Landscape 

2. Classification and Typologies of PHTs 

3. Team Composition and Role Definitions 

4. Minimum Operational Standards and Standard 

Operating Procedures 

5. Training Curricula 

6. Consistency and Variability Across Contexts 

7. Gaps, Limitations, and Recommendations for 

Future Research



● Pearson, H. (2024). Can AI review the 
scientific literature — and figure out what 
it all means?. Nature, 635(8038), 276-278. 
https://doi.org/10.1038/d41586-024-

03676-9

Tay says that PaperQA2 and Undermind 

take longer than conventional search 

engines to return results —minutes rather 

than seconds — because they conduct 

more-sophisticated searches, using the 

results of the initial search to track down 

other citations and key phrases, for 

example. “That all adds up to being very 

computationally expensive and slow, but 

gives a substantially higher quality search,” 

he says.



So where does this leave us?

Published evaluations of literature search agents (consensus, Elicit, 
Undermind, Scite, and related platforms)

Executive summary

• Across the literature, a common finding is that autonomous literature 
synthesis by AI remains limited in reliability and reproducibility when 
used in isolation; human-in-the-loop approaches and transparent 
reporting of methods substantially improve precision, reproducibility, 
and trust. 

• Several studies contrast autonomous, fully automated search with 
human-in-the-loop or neurosymbolic configurations, showing improved 
performance and interpretability when librarian expertise is integrated. 

• Evaluations also repeatedly note limitations such as access constraints 
(open vs. full text), hallucinations, and dependence on the underlying 
databases (Semantic Scholar, PubMed, etc.). 
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Practical guidance emerging from the literature

Use AI search tools as augmentative aids rather than sole executors of 
literature reviews; 

Design workflows that couple AI-assisted discovery with librarian expertise, 
explicit inclusion criteria, and provenance-tracking to ensure 
reproducibility and bias mitigation. Evidence agrees on importance of human 
oversight and clear documentation of methods.

Prefer tools that provide explicit citation grounding and transparent 
methodologies, such as Scite’s contextual citations and proposition that 
embedding citation context improves interpretability of evidence, alongside 
Elicit and Consensus that base results on underlying databases like Semantic 
Scholar and PubMed.

Acute need for evaluation of candidate tools for systematic reviews, i.e. 
benchmarking against human-curated gold standards and using iterative, in-
loop evaluation processes to refine search strategies.

41



42



Open for further Discussion!
Or Email: A.Booth@sheffield.ac.uk or 

farhad.shokraneh@bristol.ac.uk
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