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Where Laser AI is used in practice

Core review stages supported

1
Set up
criteria, forms, vocabularies

2
Screen
dedupe, prioritize, resolve

3
Extract
PDF/table suggestions + source links

4
QA / report
conflicts, audit trail, exports

Examples across evidence ecosystems

HTA / reimbursement

Clinical practice guidelines Toxicology / hazard assessment

CER uptake is not absent —it is less uniform
“Anna Karenina principle”: pharmaceutical/HEOR pipelines are more repeatable; comparative 
effectiveness reviews vary by population, comparators, outcomes, study designs, decision context 
and workflow.

Medical devices
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BOUNDARIES + BARRIERS

What Laser AI is not used for —and what slows adoption

Not positioned as a fully automated reviewer

Users can automate parts of the workflow, but prefer to stay in 
the loop where judgments affect validity.

AI can assist… reviewer finalizes

Protocol

criteria, forms, outcomes

Study quality

RoB / certainty inputs

Decisions

eligibility + conclusions

Protocol is king
Automation works only when the task is well specified. If the 
protocol is underspecified, the ideal system should ask 
clarifying questions.
Self-validating ≠ one-size-fits-all: every review needs its own 
checks.

Barriers facing AI tools in SRs

Tool-side

• validation in each review context

• generalizability across topics & study types

• transparency of errors, model versions, explainability

• data protection, copyright, workflow integration

User / institution-side

• trust, procurement, AI literacy

• no accepted “good enough” thresholds

• limited guidance from journals, guideline groups and HTA bodies
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Updating SR standards: make human oversight specific

Standards should be task - and risk- based —not simply “AI allowed” or “AI prohibited.”

AI- assisted,
human- finalized

We cannot automate what we 
cannot standardize

1 Transparent reporting
tool, version/model, date, task, settings, prompts, 
training examples, stopping rules, validation

2 Human accountability
AI may suggest, rank, extract or summarize; named 
reviewers remain responsible

3 Source traceability
values and AI-generated judgments link to citation, PDF 
passage, table or dataset

4 Pre-specified validation
metrics, error thresholds, sampling checks and conflict-
resolution procedures

5 Auditability + governance

decision logs, change history, data protection, copyright compliance, limitations

Practical implication: lower-risk support tasks can be AI-assisted with logging; higher-risk judgment tasks 
require explicit reviewer verification.
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Thank you!
artur.nowak@evidenceprime.com
@artur_nowak
https://laser.ai 

https://laser.ai
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