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Background Technology Readiness Results
Amyloid-targeting treatments require MRI-based m 9: Post-market evaluation |
safety monitoring for amyloid-related imaging _ —Trend over time
abnormalities (ARIA), including cerebral microbleeds * Automated CMB detection systems were 8: Reader study assessing
(CMB). primarily validated on technical clinical outcomes

performance (TRL < 5).

/. Reader study assessing

Visual CMB detection is prone to low inter-reader task-related outcomes

_ _ _ » Reader studies focused primarily on task-
agreement and is a time-consuming task.

related outcomes, such as detection 6: Compared against o
accuracy and reading time. Typically, these blinded readers
Automated CMB detection systems are getting included few readers (median = 2.5, range 5.\l
o T v ©O: Validated on
regulatory approval for ARIA monitoring, but little is = 1-16) ~ external data ® o O o o
known about the clinical impact of this emerging
technology. - A single study assessed how automated 4: Validated on | e - + + +. o ® @ e o o
. y CMB detection affects a high-level clinical held-out data
r : ~ task (ARIA grading). 3: Validated on
Aim training data ¢ & o ¢ *
To what extent have automated cerebral * No post-market evaluations of implemented 2: Proposal of model
- - - tems have been published. | -
microbleed detection systems achieved SYS or solution
technological Leadmef.i; ing?how have they  Over time no trend towards higher TRL was 1: Clinical problem
5 een vaidated: ) observed, suggesting a structural barrier. identification 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
. Year
Methods \ /

Research Gaps and Recommendations

A systematic search was conducted in Embase, Web
of Science, and MEDLINE on January 9, 2026.

Clinical Integration

User Diversity
Gap: We do not know if all clinicians benefit from
automated CMB detection equally.

« Strategy: Broad search capturing variations in
naming (e.g., “hemorrhage”) and clinical contexts
like ARIA and Cerebral Small Vessel Disease.

« Screening: 7,674 studies screened. Risk: Inexperienced readers may unsafely over-

« Exclusion: Non-MRI modalities and studies in rely on false positives or negatives.

which the microbleed tool was not evaluated on its
own.

Action: Include diverse readers (e.g., experience,
specialty) to assess who benefits.

Post-market Evaluation
Gap: Zero studies have tracked long-term software
Impacts in actual clinics.

* Inclusion: 68 studies met inclusion criteria.

Studies were evaluated using the technolo o qure from Jensen-Konderin iomolecu - . . . . .
readiness level (TRL) framev?/ork adapted S}Y Fleuren | | |/2ed fom SBames (source: Zach Del Proposto), Wikimedia Commons, CCBY-SA30. | | 08 (000 TSROy o . #1 Bometoectos, TS Risk: Hospitals risk adopting expensive tools that
ini ications’ CMB appearance varies by MRI acquisition (Patient e . . may fail to improve safety, speed, or costs.
(2020) for clinical applications’. th ppb | oid Y th 1 g ,E1 5T CMB spatial distribution varies by etiology . .
WIth cerebral amylold anglopatny scanned at 1. (A: cerebral amyloid angiopathy. B: Action: Evaluate post-market patient outcomes,
. . using T2* (A) and SWI (B). ' = i} '
Data was systematically extracted using a template J (A) (B) Hypertension. workflow speeds, and cost-effectiveness.
covering:
 MRI acquisition Gap: Most detection systems are developed on Gao: Limited evidence suagests non- Take Home Message
* Ground truth establishment homogeneous datasets. uni%rm performance acrogg the brain
» Outcomes assessed Risk: Differences in MRI acquisition alter CMB Risk: Automated detect t . Auton_lated CMB dete.ctlc?n systems.are
» Validation method and performance stratification appearance, reducing reliability across sites and over b-ls d tu omz oo e -?-C on syste[_ns nay e\ stuck in technical validation. To achieve
. Number of clinicians involved longitudinal follow-up. ased Towards Speciiic presehiations. clinical readiness, future research must
I - Action: Stratify performance by anatomical rioritize imaging robustness, algorithmic
Action: Assess performance across diverse MRI _ 4 clinical/d n t
Bias was assessed using PROBAST-A| scanners, acquisition protocols, and repeated regions and cinicaidemographic groups to fairness, longitudinal tracking,
g : L uncover algorithmic bias. "
examinations. and real-world utility.
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