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1. Introduction
In 2016, computer scientist Geoffrey Hinton — now widely regarded as one of the founding figures of modern 
deep learning — told an audience of physicians that institutions should stop training radiologists, predicting 
that artificial intelligence would match or exceed human performance in image interpretation within five years. 
A decade later, that prediction offers a natural benchmark against which to test what AI in neuroradiology has 
actually delivered. 
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This review integrates literature from 2021 through 2026 spanning four major application areas: acute stroke 
and intracranial hemorrhage (ICH) triage, and large language models (LLMs) applied to radiology report 
generation and quality assurance, alongside two cross-cutting themes that determine whether these tools 
translate into genuine clinical benefit: real-world, registry-scale evidence, and the persistent problem of AI 
generalizability over sites, scanners, and populations. Measured against Hinton's forecast, the picture that 
emerges is neither the wholesale replacement he predicted nor the dismissal his critics initially offered, but 
something more specific and, in its own way, more interesting: a technology that has become a genuinely 
useful triage and workflow tool while remaining a poor fit for autonomous diagnostic authority, for reasons the 
literature itself explains. For radiology students and trainees, these findings highlight the need to develop 
competency not only in conventional image interpretation, but also in understanding, critically appraising, and 
efficiently integrating AI tools into clinical practice. Familiarity with the strengths and limitations of AI in 
neuroradiology will become a core aspect of future training and day-to-day decision-making.

2. Technical Background
Most neuroradiology AI applications reviewed here are built on convolutional neural network (CNN) 
architectures — U-Net and its variants for segmentation tasks, ResNet- and VGG-family classifiers for lesion 
detection and classification — trained on labeled imaging datasets to learn hierarchical spatial attributes 
associated with a target label (hemorrhage present/absent, tumor sub-region, lesion boundary). Since 2023, 
transformer-based models have been adapted from natural language processing. Since 2023, transformer-
driven architectures adapted from natural language processing (Visual Transformers) and, separately, large 
language models developed with text have been increasingly incorporated, either as standalone classifiers or 
as components of multimodal pipelines that fuse imaging with clinical or textual data.

A handful of recent studies illustrate where this is heading. Zeineldin and colleagues built a hybrid Vision 
Transformer-CNN model that segments gliomas across multiple MRI sequences at once, pairing the CNN's 
strength at picking up fine local detail with the Transformer's ability to track longer-range patterns across the 
image.[16] Around the same time, Zakariah and colleagues took a similar dual-architecture approach with their 
Vision Transformer-DSUNET model, reaching a combined Dice score of 91.29% across all tumor sub-regions.
[17] Transformers have also started pulling in information beyond the image itself. Usuzaki and colleagues fed 
a variable Vision Transformer patient demographics, radiomic features, and MRI together to predict IDH 
mutation status in diffuse glioma; the model was perfect on its own internal test set but dropped to 93.5% on 
an outside dataset — a gap that says a lot about why external validation matters before any of this reaches 
the clinic.[18] On the language side, Kanzawa and colleagues fine-tuned a BERT-based model that could sort 
brain MRI reports into categories with real accuracy, and Schramm and colleagues found that GPT-4V did 
noticeably better on hard brain MRI cases once it had the patient's clinical history and a written description of 
the imaging to work with, not just the pictures alone.1920 Taken together, these studies point in a consistent 
direction: transformer-based and multimodal approaches keep showing real promise in neuroradiology, but 
nearly every one of them comes with the same caveat — independent, external validation is still the piece most 
often missing before any of this is ready for routine clinical use.

These concrete examples show how next-generation models are being used to tackle complex neuroradiology 
tasks. A recurring methodological distinction throughout this literature is between internal validation (testing a 
model on data drawn from the same institution, scanner, or dataset used for training) and external validation 
(testing on genuinely independent data), a distinction central to the generalizability findings discussed below.

3. Stroke and Intracranial Hemorrhage Triage
Stroke and ICH triage represent the most clinically mature application of AI in neuroradiology, with the largest 
base of FDA-cleared tools and actual performance data. A diagnostic performance study of a commercially 
available deep learning tool for detecting acute ischemic lesions on brain MRI in 995 suspected-stroke patients 
found high sensitivity and specificity relative to an experienced neuroradiologist, with sensitivity varying by 
lesion characteristics and specificity varying with image quality.[1] A 2025 systematic review and hierarchical 
summary ROC meta-analysis of deep-learning- based non-contrast CT interpretation for acute ischemic stroke 
concluded that these tools can meaningfully support triage and worklist prioritization, while noting frequent 
methodological weaknesses across the underlying literature, including unclear reference standards and 
train/test leakage.[2]
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A large-scale real-world evaluation of a widely deployed FDA-cleared ICH triage model analyzed 101,944 non-
contrast head CT examinations from 74,142 patients across a 17-facility academic health system, 
demonstrating 82.2% sensitivity, 97.6% specificity, and 96.6% overall accuracy, with sensitivity highest for 
large, multi-compartment hemorrhages and notably lower for smaller or more subtle bleeds.[3] A case report 
published in Radiology documents a real-world failure mode in which an FDA-cleared algorithm misclassified 
an ischemic stroke as ICH, prompting the authors to review the FDA's regulatory process for AI/ML-based 
software as a medical device.[4] This documented misclassification is an important counterweight to the strong 
aggregate accuracy figures reported elsewhere, as well as reinforcing that these tools function as triage aids 
rather than autonomous diagnostic replacements.

4. Large Language Models in Radiology Reporting
Since the wider availability of GPT-4 in 2023, a substantial body of literature has tested LLMs on radiology-
specific tasks. In neuroradiology specifically, a study testing GPT-4 against 140 diagnostic cases from a major 
neuroradiology journal’s teaching archive found an overall diagnostic performance of 57.86%, materially lower 
than the near-ceiling performance reported for narrower diagnostic tasks elsewhere in this review, indicating 
the greater difficulty of open-ended diagnostic reasoning compared to binary lesion detection.[5] Beyond 
diagnosis, LLMs have shown strong performance on report infrastructure tasks: GPT-4 detected clinically 
significant speech-recognition transcription errors in radiology reports with 76.9% exactness and 100% recall.
[6] A systematic review of LLM applications to radiology reports found the literature concentrated heavily on 
chest radiography (60% of studies) relative to MRI or CT, with substantial heterogeneity in evaluation 
methodology limiting cross-study comparability.[7,8]

5. Real-World and Registry-Based Evidence
Large federated real-world electronic health record networks have enabled several population-scale studies 
relevant to AI-era stroke care pathways. A retrospective analysis of 90,740 patients examined outcomes of 
endovascular thrombectomy in patients with low NIHSS scores, a population underrepresented in pivotal 
randomized trials.[9] A separate cohort study examined the impact of atrial fibrillation on intracerebral 
hemorrhage and mortality after thrombectomy.[10] These registry-scale datasets are well suited to evaluating 
downstream clinical outcomes of AI-accelerated care pathways at a scale no single-center prospective study 
can match. However, reliance on aggregated real-world data introduces important limitations, including 
inaccuracies in clinical coding, heterogeneity across contributing sites, a lack of granular clinical detail, and 
residual confounding that can continue despite careful propensity score matching.[11,12] Selection bias may 
arise if data are missing non-randomly or if participating sites differ in ways that affect both AI deployment and 
clinical outcomes. Furthermore, temporal changes in clinical practice and data collection standards can 
complicate interpretation of trends over time. Dealing with these shortcomings in subsequent research will 
require combining registry data with richer sources, such as imaging archives and detailed chart reviews, 
applying standardized data definitions across sites, and planning prospective observational studies where AI 
exposure is clearly documented. Notably, no available registry-based study has used AI deployment itself, 
rather than a downstream treatment-pathway variable, as its primary exposure, which is a clear gap in the 
current literature given the demonstrated scale of these platforms.

6. Generalizability and External Validation
A recurring and arguably the single most important finding across this literature is that internally validated AI 
performance in neuroimaging systematically overstates externally validated, real-world performance. A 
systematic review of AI diagnostic models across CT, MRI, and radiography found internal validation AUCs 
ranging from 0.76 to 0.95. Still, external validation showed a median AUC decline of approximately 0.03 and 
a substantially larger decline in specificity of up to 24 percentage points on some external datasets.[13] A 
related systematic review found that 70 of 86 (81%) deep learning radiology algorithms underperformed on 
external datasets, with 24% showing substantial performance diminishment.14 Underlying this pattern, deep 
learning studies frequently fail to report the demographic or clinical composition of their development datasets 
in sufficient detail to assess selection bias.[15]
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7. Conclusion
AI has achieved genuine, measurable clinical value in neuroradiology, most convincingly in stroke and ICH 
triage, where large-scale real-life deployment data now exist alongside ongoing evidence of imperfect 
performance in practice. In other domains, benchmark-level accuracy figures should be interpreted with 
caution pending external validation, and the field's most pressing methodological need is a shift from internally 
validated accuracy reporting to prospective, externally validated, clinical-workflow-integrated evaluation. A 
decade on from Hinton's prediction, the evidence assembled here suggests the forecast was directionally right 
about AI's diagnostic potential but wrong about its trajectory: the technology did not replace radiologists on any 
five-year timeline, and the reasons why—an internal-to-external validation gap, a continuing need for human 
monitoring of triage flags, and a performance ceiling on open-ended reasoning that narrow pattern recognition 
was never designed to clear—are themselves the most durable findings of this review. Going forward, future 
research needs to focus on formulating robust, generalizable models through multicenter collaboration and 
broad datasets, as well as creative approaches that improve explainability and address bias in clinical practice. 
Advances in regulatory science, ongoing assessment of long-term clinical outcomes of AI deployment, and 
integration of multimodal data—including imaging, clinical notes, and genomics—constitute promising 
directions for the field. For students and emerging researchers, there are important opportunities to contribute 
to these problems as well as lead the next wave of evidence-based innovation in neuroradiology.
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