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Disclosure

Nested Knowledge has provided us with a free pilot of their ‘Enterprise’ tier for the 
purpose of this evaluation. 



About me (and how I got interested in this…)

>20k 
publication/year 
for dementia on 
PubMed alone



Why don’t we use 
[insert AI-SRP name]?

We need to develop better 
evidence synthesis tools!



Aim

• To evaluate the performance of three 
AI-enabled systematic review platforms 
in replicating three recently published 
systematic reviews

• Protocol pre-registered on OSF 1st 
July 2025 
(https://osf.io/8nf6h/files/qadcw) 

https://osf.io/8nf6h/files/qadcw


Methods: SR selection

• Identify SR published in past year by
§ CAMARADES (non-human animal SR)
§ JBI
§ Cochrane

• Dual screen SRs against inclusion criteria – SR containing quantitative 
analysis

• Random selection of 1 SR per category from included SR



Methods: SRP evaluation

We selected three Systematic Review 
Platforms (SRP) with embedded AI 
techniques for evaluation. 

Elicit.AI
Nested Knowledge
Scispace

We considered discussions from other 
researchers/collaborators/evidence 
synthesis communities, available 
evaluation data, and publications 
citing platforms in selection of SRP

SR1 SR2 SR3

SRP1 Evaluation 1 Evaluation 4 Evaluation 7

SRP2 Evaluation 2 Evaluation 5 Evaluation 8

SRP3 Evaluation 3 Evaluation 6 Evaluation 9

We perform evaluation of these platforms on 
each SR in a 3x3 design.



Elicit.AI Nested Knowledge
Powerful evidence synthesis 
tools for medical researchers. 
Accelerate, collaborate, 
automate and share.

Decisions at the speed of AI: 
Get answers in days, not 
months, with Nested 
Knowledge®, your all-in-one 
solution for efficient literature 
reviews.

Start with AI, Dive Deeper with 
Experts

ScispaceWhat do they claim?



Elicit (Team subscription; USD 65/month/user)

NK (Academic subscription ~£18/month/user; Enterprise $695/month/user)

Scispace (Advanced subscription; USD 90/month/user)

User input 
research 
question

Elicit 
searches, 
retrieves, 

deduplicates

Users define 
screening 

criteria

Elicit screens 
citations; user 
defines score 

threshold

Users 
define data 
extraction 
columns

Elicit 
extracts 

data

Elicit 
generates 
research 

report
Max 40 papers
No quantitative 
analysis

User input 
research question

Scispace searches 
and deduplicates

Scispace agent: 
AI chat bot to interact 

Scispace generates outputs: 
report, code, data, figures

Max 500 papers
ACS, ACSO, Pubmed, OpenAlex, Semantic Scholar 
Optional manual upload up to further 500 papers

User input search strings for 
selected databases* 

Manual uploads for other 
databases

NK 
deduplicates

Screening: 
single vs dual 

stage; single vs 
dual reviewer

Users 
define tag 
hierarchy 
and tags.

User 
performs 

data 
extraction

NK 
reports 

data inc. 
MA

*Automatic updates: Pubmed, DOAJ, 
ClinicalTrials.gov, EuropePMC, Maude
Max total = 10K citations/Nest

Duplicate queue 
available for 
review

Robot Screener for 
abstract dual screen 
(min: 50 dual screened 
decisions, 10 advanced 
to enable). performance 
metrics provided

Smart search: User input research question. 
NK crafts Pubmed queries. User finalise. 

Core Smart Tags 
and Adaptive Smart 
Tags – NK AI suggest 
tags, human reviews 
tags

Smart MA 
extraction from 
tables/text (<30 
publications). User 
reviews and submit

OpenAlex, Semantic Scholar, Google Scholar and 
other trusted repositories (>200 million papers)

Platform features on versions available in July 2025



Data export issues with Scispace https://scispace.com/chat/54f7d97
0-e0b5-431d-ad87-90851d4b3b1b



Data export issues with Scispace



Data export issues with Scispace



Search and screening results for SR1
non human SR in “Trace amine-associated receptor 1 (TAAR1) agonism for psychosis: a living systematic 
review and meta-analysis of human and non-human data” https://wellcomeopenresearch.org/articles/9-
182 15 FT included in original review

Original 
review - FT 
included

SRP 
decision Elicit

NK
(full text dual-

human 
screened; 

Robot Screener 
used for TiAb 
dual screen)

NK 
Robot screener 

(TiAb) Scispace

In In 6 15 5 6

In Out 9 0 2 9

Out In 21 6 14 11

Sensitivity 40% 100% 71% 40%

Precision 22% 94% 26% 35%

https://wellcomeopenresearch.org/articles/9-182
https://wellcomeopenresearch.org/articles/9-182
https://wellcomeopenresearch.org/articles/9-182


Nested Knowledge Robot Screener Internal Cross Validation Metrics for SR1

How the Screening Model Works
At a high level, the model is a Decision Tree- a series of Yes/No questions about characteristics of 
records that lead to different probabilities of inclusion/advancement.
In more detail, the model is a gradient-boosted decision tree ensemble. Its hyperparameters, particularly 
around model complexity (number of trees, tree depth) are optimized using a cross validation grid 
search. The model produces posterior probabilities and is optimized on logistic loss. SMOTE 
oversampling is employed as a correction to highly imbalanced classes frequently seen in screening.



SR1: Additional inclusions
Publications 
before original 
search performed

Appropriate 
inclusion Elicit NK Scispace

TRUE

Yes 2a,b 1b 0

No 15 0 11

FALSE

Yes 1 5 0

No 3 0 0

(a) 1 paper was identified within the TAAR1 agonist review update 2024 via 
psychosis-SOLES. (b) 1 paper was identified in the original search but excluded 
following human reviewer dual screening – this paper was included following 
further review by senior reviewer prompted by this evaluation.



Search and screening results for SR2
JBI review - “Comparison of diagnostic accuracy of rapid antigen tests for COVID-19 compared to the 
viral genetic test in adults: a systematic review and meta-analysis. DOI: 10.11124/JBIES-23-00291
Original review screening stages – TiAb / full text / critical appraisal. 142 publications included in analysis 

Original 
review - FT 
included

SRP 
decision Elicit

NK
(full text dual-

human screened; 
Robot Screener 

used for TiAb dual 
screen)

NK 
Robot screener 

(TiAb)

NK Robot 
screener 
against 

original TiAb

In In 58 99 111 323

In Out 84 43 37 256

Out In 367 85 549 337

Sensitivity 40% 70% 75% 56%

Precision 14% 54% 17% 49%

https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291


SR2-Elicit

Included publications by Elicit not within original review
Publications before original 
search performed 
(Last update 12 July 2022)

Appropriate 
inclusion N

TRUE
Yes 50
No 116

FALSE
Yes 64
No 23

Multiple duplicates within Elicit search (5 using DOI 
alone; 23 further if matching preprint to published DOI); 
Duplicates (including preprint with linked publications) 
have been removed for this analysis.

JBI review - “Comparison of diagnostic accuracy of rapid antigen tests for 
COVID-19 compared to the viral genetic test in adults: a systematic review 
and meta-analysis. DOI: 10.11124/JBIES-23-00291

https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291
https://doi.org/10.11124/jbies-23-00291


Annotations

Challenges in tagging pharmacologically induced models (assigning intervention rather than 
population tag); tagging unrelated terms in rest of text. 
Many of additional outcomes tagged by SRPs were not primary outcomes of original SR and 
hence were appropriately not tagged there.
Multiple tags per category and hierarchical tagging likely to affect planned calculations of kappa 
agreement.

Percentage of tags in original review accurately tagged by SRP

Evaluation Population Intervention Comparison Outcomes ROB
Overall 
accuracy

SR1-Elicit 60.0% 55.6% 66.7% NA 51.7% 54.5%
SR1-NK 53.3% 33.3% 66.7% 20.0% NA 43.3%
SR2-Elicit 88.9% 85.8% 61.7% 72.0% 55.1% 70.3%

Percentage of publications given additional tags by SRP (percentage appropriate in parenthesis)
SR1-Elicit 80% (0%) 55.6% (20%) 66.7% (0%) NA (NA) 0% (0%)
SR1-NK 26.7% (75%) 60% (11%) 25% (33%) 73.3% (45%) NA
SR2-Elicit 3.9% (0%) 5.8% (0%) 0% (0%) 12.1% (61%) 44.8% (6%)



Discussion: AI-enabled systematic review platforms

• Variation in 
• Performance in SR tasks – sensitivity an issue currently across platforms relying 

on AI methods; annotation/extraction variable; analysis limited
• Transparency
• Explainability
• Human supervision / Customisability 
• Hallucinations
• Interoperability / export of code/data/metadata
• Scalability
• Costs

• Generalisability: need more studies



Discussion: Evaluating systematic review platforms

• Challenging!
• Challenges with replicating SRs

• Data and metadata FAIRness can affect replication (e.g. lack of 
bibliographic data of excluded studies; incomplete/inaccurate metadata; 
systematic search strategies / results / bibliographic data in PDF format)

• SR selection matters: Consider size, scope, how well questions are defined 
vs feasibility / resources

• Challenges with evaluating SRPs
• Variation in extent of human effort needed to perform SR in SRPs 
• Lack of gold standards on data, metadata / code, format leads to significant 

variation in SRP outputs; cleaning/extracting data for evaluation of SRP can 
be time and resource intensive

• Results limited to version of SRP evaluated; quickly superseded 



Discussion: Looking ahead (1)

• Responsible use of AI in evidence synthesis crucial. See RAISE guidance.
• Each SR provides data and opportunity to validate AI digital evidence synthesis 

tools both retrospectively and prospectively – we need to maximise this. 
• increasing FAIRness of data/metadata at each step of the SR to improve 

replicability: 
• Roles of individuals, groups, community, institutions 
• Systems/infrastructure to maximise this – using ‘routinely collected’ data in 

SRs for evaluation of AI evidence synthesis tools
• Methods development in evaluating AI-enabled tools and platforms



Further questions

. 
• Should SRPs be regulated? if so, who by? (possible trade off with 

innovation?) 
• Who should be responsible for evaluation of tools and platforms? Cf. onus on 

drug developers/pharma to demonstrate evidence of efficacy/safety for 
regulatory submissions

• Ethical, legal and environmental implications of use of these platforms?
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