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This review explores recent advancements in the classification of collateral circulation in ischemic stroke, with a 
focus on artificial intelligence-driven imaging analysis. It provides a comprehensive overview of stroke types, the 
physiological importance of collateral networks, and compares imaging modalities such as CT, MRI, and Cone 
Beam Computed Tomography (CBCT) for collateral assessment. The paper also examines various collateral scoring 
systems, highlighting both manual and automated methods. Particular attention is given to machine learning 
and deep learning classification techniques, including convolutional neural networks, residual networks, and 
multimodal fusion strategies aimed at improving diagnostic accuracy and reproducibility. Key challenges such as 
data variability, model generalizability, and explainability are discussed, along with future research directions to 
enhance clinical applicability. This review underscores the increasing role of AI-based classification in enabling 
faster, more accurate collateral evaluation and improving patient outcomes in ischemic stroke management.

Contents

1. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
2. Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2.1. Search strategy and eligibility criteria . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
3. Brain stroke . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

3.1. Hemorrhagic stroke . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
3.2. Ischemic stroke . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
3.3. Data extraction and analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
3.4. Gender-related stroke risk and outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

4. Collateral circulation in stroke . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
5. Physiological significance of collateral circulation in ischemic stroke . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
6. Imaging modalities for collateral assessment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
7. Scoring systems for collateral circulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
8. Collateral circulation classification techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

8.1. Model architectures for collateral classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
8.2. Recent studies in collateral circulation classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

9. Clinical applications: insights from collateral status . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
10. Collateral circulation as a prognostic factor in ischemic stroke . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

10.1. Prognostic role in intravenous thrombolysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
11. Prognosis in endovascular thrombectomy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
12. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
13. Challenges and future scopes in AI-based collateral classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
14. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

* Corresponding author.
E-mail address: hasanah.ali@mmu.edu.my (N.H. Ali).

https://doi.org/10.1016/j.rineng.2025.107583
Received 21 May 2025; Received in revised form 22 September 2025; Accepted 4 October 2025 

Results in Engineering 28 (2025) 107583 

Available online 10 October 2025 
2590-1230/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

http://www.ScienceDirect.com/
http://www.sciencedirect.com/journal/results-in-engineering
http://orcid.org/0009-0006-8285-8829
mailto:hasanah.ali@mmu.edu.my
https://doi.org/10.1016/j.rineng.2025.107583
https://doi.org/10.1016/j.rineng.2025.107583
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rineng.2025.107583&domain=pdf
http://creativecommons.org/licenses/by/4.0/


K.A. Rahman, N.H. Ali and A.S. Muda 

CRediT authorship contribution statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Declaration of competing interest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Acknowledgement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Data availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1. Introduction

Ischemic stroke is one of the leading causes of death and long-term 
disability worldwide, accounting for over 80% of all stroke cases [1]. 
According to global estimates, more than 12 million people suffer a 
stroke each year, with a substantial proportion resulting in permanent 
neurological impairments [2]. This condition is primarily caused by the 
obstruction of a cerebral artery due to thrombosis or embolism, resulting 
in reduced blood flow and oxygen deprivation to critical brain tissues. 
Without timely medical intervention, irreversible neuronal damage can 
occur within minutes.

To mitigate the effects of such occlusions, the brain utilizes an aux
iliary vascular network known as collateral circulation. These collateral 
pathways are broadly categorized into primary collaterals, such as the 
Circle of Willis, and secondary collaterals, including leptomeningeal 
anastomoses and ophthalmic arteries [3,4]. Their ability to reroute 
blood flow around the occluded regions can preserve the ischemic 
penumbra and significantly influence treatment outcomes [5]. More 
recently, the roles of venous and lymphatic pathways in maintaining in
tracranial homeostasis during ischemia have also been recognized [6].

Although reperfusion therapies like intravenous thrombolysis and 
mechanical thrombectomy have revolutionized acute stroke manage
ment, their effectiveness is time-sensitive. Patients with robust collateral 
circulation often experience slower infarct progression and may benefit 
from extended treatment timeframes [7--9]. As a result, the evaluation 
of collateral status has become a critical prognostic factor and a key 
determinant in clinical decision-making.

Traditionally, collateral assessment relies on imaging techniques 
such as Computed Tomography Angiography (CTA), magnetic reso
nance angiography (MRA), and, more recently, Cone beam computed 
tomography (CBCT). However, these assessments are often manual, sub
jective, and require considerable expertise, leading to inter-observer 
variability. To address these challenges, artificial intelligence (AI), par
ticularly deep learning (DL), has gained momentum for automating 
collateral circulation classification. Deep learning models, especially 
convolutional neural networks (CNNs), have demonstrated outstanding 
performance in various diagnostic tasks, including pneumonia detec
tion [10] and chronic kidney disease screening via retinal imaging [11], 
by automatically extracting high-level features from medical images.

In the context of ischemic stroke, deep learning holds the potential 
to transform collateral assessment by providing accurate, reproducible, 
and real-time evaluations. Recent studies have employed models such 
as ResNet and VGG to classify collateral quality from CTA, MRI, and 
CBCT data, achieving encouraging results. Moreover, the integration of 
multimodal fusion and hybrid CNN transformer architectures is further 
enhancing diagnostic accuracy, especially in complex clinical scenarios. 
Despite these promising advances, there remains a lack of a consolidated 
review that critically synthesizes both the physiological background of 
collateral circulation and the rapid progress of AI-driven classification 
methods. Previous reviews have largely focused on imaging modalities 
or stroke treatment outcomes in isolation, leaving a gap in integrating 
traditional and emerging AI approaches. By explicitly addressing this 
gap, this review provides timely insights into how collateral evaluation 
is evolving and why AI-based methods are gaining clinical importance.

This review is particularly relevant at the current stage, as recent 
studies have demonstrated the increasing feasibility of applying deep 

learning models in acute stroke workflows, yet challenges such as inter
observer variability, domain shift, limited external validation, and lack 
of standardized datasets persist. Highlighting these issues alongside 
technical advances not only clarifies the current state of the field but 
also sets directions for future clinical translation.

This review aims to synthesize recent advances in this evolving field 
and is structured around the following key areas:

• A comprehensive overview of the physiology and clinical impor
tance of collateral circulation in ischemic stroke.

• Comparative analysis of imaging modalities, including CT, MRI, and 
CBCT, for evaluating collateral pathways.

• Review of existing collateral grading systems and scoring criteria 
used in clinical practice.

• Review of machine learning and deep learning techniques devel
oped for collateral classification, including CNN, ResNet, VGG, and 
hybrid models.

• Performance metrics and benchmarking of DL models across recent 
studies.

• Clinical implications, challenges, and future directions for imple
menting AI-based collateral classification in stroke management.

Through this comprehensive review, we aim to highlight the poten
tial of deep learning technologies to support and enhance the collateral 
assessment process, ultimately improving the prognosis and treatment 
outcomes for ischemic stroke patients.

2. Methods

The methodological approaches in this review aimed to ensure a 
transparent and structured synthesis of the literature on collateral circu
lation assessment and the use of artificial intelligence in ischemic stroke. 
This section details the search strategy, eligibility criteria, and the ap
proach to data extraction and synthesis.

2.1. Search strategy and eligibility criteria

This review followed a structured approach to identify and synthe
size evidence on collateral circulation assessment and the use of artificial 
intelligence for collateral circulation classification in ischemic stroke. 
The search was designed to capture the rapid growth of machine learn
ing (ML) and deep learning (DL) applications in recent years, while also 
acknowledging earlier foundational contributions and guideline-based 
references. To ensure completeness, both peer-reviewed articles and key 
books were considered when they provided essential methodological in
sights or influential perspectives.

The literature search was conducted in PubMed, Scopus, Embase, 
and Web of Science, supplemented by manual screening of reference 
lists and relevant consensus statements. In total, 3,195 records were re
trieved. Search terms combined concepts of ischemic stroke, collateral 
circulation, imaging modalities, and artificial intelligence, with a repre
sentative query formulated as: (Brain stroke OR ischemic stroke) AND 
(collateral OR collateral circulation) AND (CTA OR MRA OR CBCT) AND 
(deep learning OR machine learning OR CNN OR ResNet-50 OR VGG11). 
Syntax was adapted to meet the requirements of each database. Broader 
context was provided by international stroke guidelines and global bur
den reports [1,12,2,13,14].
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Fig. 1. PRISMA flow diagram summarizing identification, screening, eligibility 
assessment, and final inclusion of studies.

The selection process followed PRISMA recommendations. After re
moving 655 duplicates, 2,540 unique records remained for title and ab
stract screening. At this stage, 2,050 records were excluded because they 
did not meet the inclusion criteria. The full texts of 490 articles were 
then assessed for eligibility. Of these, 355 were excluded for the follow
ing reasons: not directly related to collateral circulation or stroke imag
ing (n=142), absence of AI/ML or imaging-based analysis (n=118), 
lack of original research such as reviews or commentaries (n=65), or 
insufficient methodological detail (n=30). Ultimately, 135 studies met 
all eligibility requirements and were included in the qualitative syn
thesis. These studies collectively addressed collateral circulation, stroke 
imaging, and the integration of AI/ML-based methods for collateral clas
sification. The complete identification, screening, and inclusion process 
is presented in the PRISMA flow diagram (Fig. 1).

3. Brain stroke

Stroke occurs when the blood supply to a part of the brain is dis
rupted, leading to oxygen deprivation and rapid death of brain cells 
[15]. The brain is essential for coordinating movements, preserving 
memories, generating thoughts and emotions, and enabling speech and 
language functions [16]. It also regulates critical bodily processes such 
as breathing and digestion. To perform these functions effectively, 
the brain depends on a continuous flow of oxygen-rich blood deliv
ered through its intricate arterial system. When this flow is blocked 
or reduced, brain tissue rapidly sustains damage [17]. Without timely 
restoration of blood supply, affected regions may suffer permanent in
jury or death, resulting in lasting disability or fatality. Strokes are 
broadly classified into two major types based on their underlying mech
anisms: hemorrhagic stroke and ischemic stroke. Fig. 2 illustrates the 
fundamental differences between these two types.

Fig. 2. Comparison between ischemic stroke (arterial blockage) and hemor
rhagic stroke (vessel rupture) [18].

3.1. Hemorrhagic stroke

Hemorrhagic stroke occurs when a weakened blood vessel ruptures, 
causing bleeding into the brain tissue [19]. The accumulation of blood 
elevates intracranial pressure, compresses brain structures, and dimin
ishes downstream blood flow. Although hemorrhagic strokes are less 
common than ischemic strokes, they are associated with higher early 
mortality rates. Management of hemorrhagic stroke focuses on control
ling bleeding, alleviating intracranial pressure, and preventing compli
cations such as rebleeding and hydrocephalus. Since hemorrhagic stroke 
arises from vessel rupture rather than occlusion, collateral circulation 
does not play a central role in its clinical management [20]. Accord
ingly, research into collateral blood flow restoration is less applicable 
to hemorrhagic stroke. Therefore, this review will primarily focus on 
ischemic stroke, where collateral circulation is critically important for 
tissue survival and recovery outcomes.

3.2. Ischemic stroke

Ischemic stroke, accounting for approximately 85% of all stroke 
cases, results from obstruction of a cerebral artery, most commonly due 
to thrombosis or embolism [21]. The sudden interruption of blood flow 
initiates a cascade of cellular injury and metabolic dysfunction, ulti
mately leading to infarction if untreated. Collateral circulation, the net
work of auxiliary vessels capable of supplying blood to ischemic brain 
regions, emerges as a crucial determinant of stroke severity and recovery 
potential [22]. Well-developed collateral networks can sustain perfu
sion to the ischemic penumbra, delay infarct progression, and extend 
the therapeutic window for interventions. Consequently, evaluation and 
optimization of collateral pathways have become major areas of clinical 
and research interest in ischemic stroke management.

3.3. Data extraction and analysis

Because of the wide variation in study designs, imaging modali
ties, collateral grading systems, and outcome reporting, a quantitative 
meta-analysis was not feasible. Instead, the data were synthesized narra
tively and thematically. Each study was charted according to its imaging 
modality (e.g., single- or multiphase CTA, MRA, CBCT), the collateral 
grading system employed ([23], [24], [25], [26]), the automation ap
proach (radiomics, classical ML, or deep learning), and the model archi
tecture implemented (e.g., CNN, ResNet, VGG, transformer, or hybrid). 
Reported outcomes, including accuracy, AUC, sensitivity, specificity, 
and F1-score, were systematically extracted.

Where available, additional methodological details such as dataset 
size, study setting (single- or multi-center), and the use of external 
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validation were also recorded, as these factors strongly influence the 
robustness and generalizability of AI models [27--30]. This thematic syn
thesis enabled the identification of patterns across imaging modalities 
and computational frameworks, while also highlighting areas of conver
gence and research gaps that warrant further investigation. Given these 
variations, the present work is reported as a narrative review rather than 
a systematic review or meta-analysis, and its aim is to synthesize cur
rent evidence while acknowledging the limitations in replicability and 
risk-of-bias assessment. Together, these steps provided the foundation 
for a structured narrative synthesis of the literature, which is presented 
in the following sections.

3.4. Gender-related stroke risk and outcomes

Gender significantly influences the incidence, presentation, and out
comes of stroke. Men tend to experience stroke at younger ages, whereas 
women often suffer strokes later in life, with higher rates of post-stroke 
disability and mortality [31,32]. Factors such as older age at onset 
and greater comorbidity burden contribute to poorer rehabilitation out
comes among women.

Moreover, unique risk factors, including pregnancy, preeclampsia, 
gestational hypertension, and hormone replacement therapy, further 
elevate stroke risk in women [33]. Women are also more likely to 
present with atypical symptoms, such as fatigue, confusion, or gener
alized weakness, potentially delaying diagnosis and treatment initiation 
[34]. Addressing these disparities through gender-sensitive prevention, 
diagnosis, and management strategies is essential for improving out
comes across all stroke patients. A comprehensive understanding of the 
types, progression, and risk factors associated with stroke, particularly 
ischemic stroke, provides a strong foundation for exploring the critical 
role of collateral circulation in influencing recovery outcomes. By em
phasizing ischemic stroke and its dependence on collateral circulation, 
this review specifically advances beyond general stroke overviews by 
integrating the physiological basis of collaterals with recent AI-driven 
classification methods, highlighting both clinical potential and transla
tional challenges.

While ischemic stroke dominates the global burden and outcomes 
vary by sex and risk profile, the single most modifiable imaging determi
nant of tissue fate is collateral blood flow. Because collateral adequacy 
governs infarct progression and influences IVT/EVT decision-making, 
the next section examines collateral circulation in detail its anatomy 
and physiology, how it is assessed on CTA/MRA/CBCT, and how these 
assessments underpin automated (AI) grading.

4. Collateral circulation in stroke

Collateral circulation refers to an auxiliary vascular network that 
compensates for impaired cerebral perfusion during arterial occlusion. 
These networks, primarily involving leptomeningeal anastomoses and 
pial arteries, redirect blood flow around the site of blockage, supply
ing oxygenated blood to the ischemic penumbra surrounding the in
farct core [3]. This physiological response is critical for slowing infarct 
progression, limiting tissue damage, and extending the therapeutic op
timal intervention period for interventions such as thrombolysis and 
thrombectomy [35,36].

Fig. 3 illustrates the anatomical principle of collateral circulation, 
showing how blood can reroute around a thrombus through smaller 
adjacent vessels. The efficiency of these collateral pathways varies con
siderably among individuals, influenced by factors such as vascular 
anatomy, age, comorbidities, and overall cerebrovascular health.

In clinical practice, collateral circulation is assessed using various an
giographic techniques. While digital subtraction angiography (DSA) re
mains the gold standard due to its high spatial and temporal resolution, 
less invasive alternatives such as computed tomography angiography 
(CTA) and magnetic resonance angiography (MRA) are widely employed 

Fig. 3. Schematic showing collateral blood vessels bypassing a thrombus ob
structing a primary cerebral artery [37].

Fig. 4. Multiphase CTA based visual assessment of collateral circulation: good 
(top), intermediate (middle), and poor (bottom) collateral grades with corre
sponding color-coded visualization [40], (Image adapted under a CC BY 4.0 
license.).

for rapid evaluation. Among these, multiphase CTA has gained particu
lar importance, as it captures vascular filling over multiple time points, 
allowing visualization of delayed collateral recruitment [38]. Several 
collateral grading scales, such as those proposed by Seners and Gen
sicke have been developed to visually assess collateral status based on 
angiographic data [39,24]. These scales categorize collateral flow into 
classifications such as good, intermediate, or poor, providing valuable 
guidance for estimating infarct growth potential and informing acute 
treatment decisions. However, these methods remain largely qualitative, 
subject to inter-observer variability, and their reproducibility across 
centers is limited, which underscores the need for standardized and au
tomated approaches.

Fig. 4 presents an example of multiphase CTA-based collateral scor
ing. The top row shows robust collateral filling across all three CTA 
phases, indicative of good collateral status. The middle row displays 
partial filling consistent with intermediate collaterals, while the bot
tom row demonstrates minimal collateral recruitment, classified as poor. 
The final column provides a color-based visualization for more intuitive 
grading.

Collateral circulation plays a significant role in determining clini
cal outcomes in ischemic stroke. Patients with well-developed collateral 
networks tend to have smaller infarct volumes, slower infarct expan
sion, and improved responses to reperfusion therapies [41]. Conversely, 
poor collateralization is associated with rapid infarct progression, an 
increased risk of hemorrhagic transformation, and worse functional out
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Fig. 5. Angiographic visualization of cerebral collateral vessels and flow en
hancement strategies in acute ischemic stroke. Adapted from Biose et al. [45] 
(Translational Stroke Research, CC BY 4.0).

comes [5]. Recent major clinical trials, such as ESCAPE and DEFUSE-3, 
have underscored the critical importance of collateral imaging. These 
studies demonstrated that patients with favorable collateral status could 
derive significant benefit from endovascular treatments even beyond the 
traditional 6-hour optimal intervention period [42,43]. Consequently, 
evaluation of collateral circulation has become an integral component 
of modern stroke triage protocols and personalized treatment strategies.

5. Physiological significance of collateral circulation in ischemic 
stroke

Collateral circulation plays a critical role in ischemic stroke by pro
viding alternative pathways to sustain cerebral perfusion during arterial 
occlusion. These networks, consisting primarily of leptomeningeal anas
tomoses and pial arteries, dynamically compensate for compromised 
blood flow, directly influencing infarct progression, therapeutic time 
windows, and overall clinical outcomes. In addition to arterial collat
erals, venous collateral pathways also contribute significantly to main
taining cerebral hemodynamics. While arterial networks help preserve 
perfusion pressure, venous collaterals facilitate drainage from congested 
brain regions, particularly under conditions of venous outflow obstruc
tion [44]. Both systems are increasingly recognized as vital determinants 
of successful reperfusion therapy and favorable stroke recovery.

Fig. 5 provides an angiographic depiction illustrating the brain’s 
adaptive collateral response during ischemia, highlighting the extensive 
vascular networks that become critical when primary arterial pathways 
are obstructed.

The clinical significance of collateral circulation extends beyond 
stroke to other vascular conditions, such as coronary and peripheral 
artery diseases, where collateral status informs revascularization strate
gies and prognosis. In the context of ischemic stroke, patients with well 
developed collateral networks consistently exhibit smaller infarct vol
umes, delayed infarct growth, and improved functional outcomes [46]. 
Furthermore, the preservation and enhancement of cerebral perfusion 
remain cornerstones of ischemic stroke therapy. Biose [45] emphasized 
that robust collateral circulation can effectively balance infarct expan
sion and tissue salvageability, thereby directly influencing recovery po
tential. In clinical workflows, the adequacy of collateral perfusion is 
increasingly recognized as the single most modifiable imaging determi
nant of tissue fate, influencing door-to-needle and door-to-groin decision 
timelines in acute stroke care. A practical classification of collateral sta
tus is illustrated in Fig. 6, comparing normal cerebral circulation with 
cases of stroke accompanied by poor or good collateralization. This vi
sual framework supports clinicians in quickly evaluating the extent and 
effectiveness of collateral supply during acute stroke imaging. Under
standing the physiological significance of collateral circulation provides 
a critical foundation for appreciating its role in acute stroke diagno
sis, prognosis, and the development of targeted therapeutic strategies 
aimed at optimizing patient outcomes. The preceding section described 

Fig. 6. Classification of collateral circulation: (a) Normal circulation, (b) Stroke 
with poor collaterals, (c) Stroke with good collaterals [47], International Journal 
of Molecular Sciences, CC BY 4.0 license.

where collaterals reside and how they are graded on CTA/MRA/CBCT. 
The next question is why they matter biologically: how collateral flow 
maintains perfusion, limits core expansion, and influences time-critical 
decisions in acute care.

6. Imaging modalities for collateral assessment

Accurate assessment of collateral circulation is essential for pre
dicting stroke progression, guiding treatment strategies, and improving 
clinical outcomes. A variety of imaging modalities are employed for 
collateral evaluation, each offering distinct strengths and limitations 
depending on the clinical context. Computed tomography angiography 
(CTA) remains the most commonly utilized modality in emergency set
tings due to its widespread availability, rapid image acquisition, and 
high spatial resolution. Single-phase CTA provides an initial snapshot 
of vessel patency, while multiphase CTA captures dynamic blood flow 
across sever Across imaging modalities, practical performance is in
fluenced by spatial and temporal resolution, protocol timing, contrast 
bolus administration, and scanner vendor settings, which together in
troduce variability affecting collateral conspicuity and reproducibility 
across centers.

CTA-based assessments have been incorporated into several visual 
collateral grading systems, such as those proposed by Tan and Maas. 
Complementing CTA, Magnetic resonance imaging (MRI), particularly 
magnetic resonance angiography (MRA) and perfusion weighted imag
ing (PWI), offers excellent soft tissue contrast without exposing patients 
to ionizing radiation. Although MRI is slower and less accessible in acute 
stroke settings compared to CT, it provides valuable information re
garding both anatomical structures and cerebral hemodynamics. MRA 
is effective for non-invasive vessel visualization, while perfusion MRI 
aids in delineating the ischemic core and penumbra, indirectly reflect
ing collateral function [57].

CBCT has recently been introduced into neurointervention suites, 
building upon its extensive use in dental and interventional radiology 
contexts. CBCT provides high-resolution three-dimensional visualiza
tion of cerebral vasculature directly within the angiography suite, sup
porting intraoperative assessment (Fig. 7). Evidence from non-neuro do
mains suggests potential advantages in terms of spatial resolution, radia
tion exposure, and cost compared to conventional CT [58,59]. However, 
stroke-specific head-to-head comparisons between CBCT and multi
detector CT remain limited. Accordingly, while CBCT shows promise 
for collateral evaluation during endovascular procedures, current claims 
regarding dose, cost, and workflow efficiency should be interpreted cau
tiously and viewed as preliminary until further neuro-focused studies are 
available. Accordingly, statements regarding radiation dose, scan time, 
and cost are restricted to the non-neuro CBCT literature cited here and 
are not asserted as established advantages in acute stroke pathways.

In the context of stroke imaging, CT remains the primary diagnostic 
tool, followed by MRI. Despite its utility, CT is associated with mod
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Table 1
General comparison of CBCT, CT, and MRI imaging characteristics. Reported values are mainly from dental/ENT and general radiology literature. 
Stroke- and neurointervention-specific, head-to-head evidence remains limited; therefore, these characteristics should be interpreted cautiously 
when extrapolated to acute cerebrovascular workflows.

Criteria CBCT CT MRI

Working Principle Uses X-ray computed tomography with 
divergent beam and 360° rotation [49]

Uses multiple X-rays from different angles 
[50]

Uses magnetic fields and RF pulses [51]

Resolution High spatial resolution [49] Better contrast resolution [49] Good contrast resolution [51]
Scanning Time Lower scanning time [52] Moderate scanning time [52] Longest scanning time [52]
Radiation Exposure Lower radiation exposure [53] Moderate radiation exposure [53] No radiation exposure [53]
Image Accuracy Provides isotropic voxels [54] Anisotropic voxels [54] Voxel size varies by protocol [55]
Imaging Artifact Lower metal artifact levels [53] Higher metal artifact levels [53] High metal artifacts in certain cases [51]
Cost Lower cost [56] Moderate cost [56] Highest cost [56]
X-ray Beam Coverage Beam can be collimated to the area of 

interest [54]
Full area scan [54] Full area scan [56]

Display Mode High anatomical precision and diagnostic 
function [54]

Lower anatomical detail [54] High-quality images for soft tissue and 
ligaments [51]

Fig. 7. Visual comparison of imaging modalities: (a) CBCT offers high spatial 
resolution and 3D visualization; (b) CT provides rapid, high-contrast views; (c) 
MRI delivers superior soft tissue contrast [48]. Illustrations are schematic and 
modality performance varies by protocol, scanner, and clinical workflow.

erate radiation exposure and notable cost considerations, while MRI 
although radiation-free and providing superior soft tissue contrast is 
slower and less practical for acute triage. CBCT may offer a complemen
tary alternative within the angiography suite, providing real-time vessel 
visualization with high resolution. Nevertheless, most reported advan
tages of CBCT (e.g., lower radiation dose, shorter scan time, and reduced 
cost) are derived from non-neuro literature. A comparative overview of 
CBCT, CT, and MRI is provided in Table 1, which summarizes key imag
ing characteristics while noting that direct stroke-specific comparisons 
are still limited. Building on the modality overview, the next section re
views the visual collateral grading scales most used in practice (Tan, 
Maas, Miteff, ASITN/SIR), clarifies their definitions and ordinal struc
ture, and outlines implications for dataset labeling, threshold selection, 
and validation of automated methods. Overall, CTA remains the first
line modality in the emergency setting, MRI provides complementary 
hemodynamic insights when feasible, and CBCT represents a promising 
intra-procedural tool; nonetheless, cross-center variability and the lim
ited stroke-specific CBCT evidence highlight the need for standardized 
protocols and rigorous validation before widespread adoption.

7. Scoring systems for collateral circulation

Because these scales were developed on different cohorts and imag
ing phases, we present them in a harmonized, severity-oriented layout 
and explicitly note their ordinal structure and intended imaging con
text. A wide range of studies have introduced diverse scoring systems to 
evaluate collateral circulation in patients with acute ischemic stroke.

Despite extensive research, no universally accepted standard for col
lateral flow grading exists, leading to variability in assessment practices 
across clinical settings [67]. Each scoring system adopts its own set of 
criteria and classification thresholds, thereby influencing treatment de
cisions and prognostic interpretations. To provide a clearer understand
ing of how collateral quality is classified, Table 2 presents a comparative 
summary of the features distinguishing poor, moderate, and good col
lateral circulation. This comparison highlights key parameters across 
studies and underscores the ongoing lack of standardization in clinical 
evaluation. In practice, inter-observer variability persists even among 
experienced readers, particularly for intermediate grades, and multi
center reproducibility is sensitive to acquisition timing and windowing. 
For AI development and benchmarking, a pragmatic approach is to pre
define mappings (e.g., 3-class poor/intermediate/good or 2-class poor 
vs. non-poor) with consensus labeling and adjudication, and to report 
per-class metrics alongside overall AUC/accuracy.

Several key studies have proposed different approaches for evaluat
ing collateral circulation in ischemic stroke and related vascular condi
tions. Kunyi Li et al. [68] introduced a three-point grading scale based 
on the assessment of the middle cerebral artery (MCA) branches around 
the Sylvian fissure, offering a simple and rapid method for collateral 
evaluation in acute settings. Similarly, Chen et al. [60] explored collat
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Table 2
Collateral Circulation Classification by Severity Levels.

Miteff Collateral Assessment [25]
Poor: Only superficial MCA branches are reconstructed distal to the 
occlusion
Moderate: Some MCA branches are reconstructed
Good: Most MCA branches are reconstructed

Vertebral Venous Expansion [60]
Poor: External vertebral vein ≤ 25%
Moderate: ≥ 25%
Good: ≥ 50%

Vascular Reperfusion [61]
Poor: Minimal recanalization
Moderate: Partial recanalization
Good: Complete recanalization

Infarct Growth [36]
Poor: Extensive infarct growth despite pre-treatment
Moderate: Reduced infarct growth with pre-treatment
Good: No significant infarct growth with pre-treatment

eral vessel classification in the context of chronic cerebrospinal venous 
insufficiency (CCSVI), using jugular ultrasound and contrast-enhanced 
magnetic resonance venography (CEMRV), thus extending collateral re
search beyond arterial systems. Uniken Venem et al. [36] demonstrated 
that pre-treatment collateral status significantly predicts revasculariza
tion outcomes following endovascular therapy. Patients with good or ex
cellent collaterals achieved substantially higher rates of complete reper
fusion. An earlier study by [61] also emphasized that poor collaterals 
independently predicted rapid infarct expansion based on MRI diffu
sion perfusion mismatch analysis. As shown in Table 2, robust collateral 
networks are associated with successful reperfusion and limited infarct 
expansion, reinforcing their critical prognostic role in acute stroke man
agement.

Clinically, these scales stratify infarct growth risk and potential bene
fit from reperfusion, but their ordinal cutoffs should be interpreted in the 
context of phase timing and patient-specific factors (e.g., onset-to-scan 
time, vascular territory). Enhancing collateral circulation has therefore 
emerged as a key therapeutic strategy to improve outcomes in ischemic 
stroke. The integrity and adaptability of collateral vessels significantly 
influence infarct development and the success of reperfusion therapies. 
However, several physiological and external factors, such as antihyper
tensive medications, systemic vascular compromise, and pre-existing 
cerebrovascular dysfunction, may impair collateral function [69].

To address these limitations, various hemodynamic interventions 
have been explored to augment collateral perfusion. Strategies such 
as induced hypertension, volume expansion, head positioning in a 
flat posture, external counterpulsation, partial aortic occlusion, and 
sphenopalatine ganglion stimulation have been investigated to optimize 
ischemic penumbra perfusion and extend therapeutic windows [70]. Nu
merous collateral grading systems have been developed, particularly 
based on angiographic imaging. Table 3 Taken together, these frame
works are ordinal by design (e.g., absent → poor → intermediate → 
good) and differ in anatomical focus (e.g., MCA territory), phase timing 
(single vs. multiphase CTA), and visual thresholds. This heterogeneity 
complicates cross-study comparison and model training, and it partly ex
plains the variability seen in downstream prognostic analyses. Summa
rizes the essential characteristics of commonly cited grading methods. 
While these frameworks provide valuable clinical insights, they largely 
rely on subjective visual interpretation. This introduces challenges such 
as inter-observer variability and the labor-intensive nature of manual 
grading. As Rava et al. [71] highlighted, such variability may com
promise diagnostic consistency, particularly in time-sensitive clinical 
settings. Recent advancements advocate integrating neuroradiology ex
pertise with artificial intelligence (AI) to automate collateral evaluation. 
Although promising developments are underway, significant human in
put is still required. Consequently, the proposal of simplified two-grade 

Fig. 8. Common approach for automatic collateral classification in ischemic 
stroke, including dataset collection, preprocessing, data augmentation, model 
development, and evaluation.

collateral frameworks aims to enhance reproducibility and streamline 
clinical application. In parallel, studies such as Su et al. [46] and Seners 
et al. [23] demonstrated that structured collateral grading systems can 
predict outcomes following endovascular thrombectomy (EVT), with 
higher collateral scores correlating to better functional recovery. Addi
tionally, Markus et al. [64] highlighted the utility of early transcranial 
Doppler (TCD) evaluation within 24 hours, identifying patients with fa
vorable collateral status. Gensicke et al. [24] and Rabinstein et al. [26] 
further reinforced the prognostic value of early collateral assessment 
via CT angiography in patients with MCA occlusion. Similarly, Seker et 
al. [25] and Kuang et al. [62] validated three-point grading scales that 
correlated strongly with clinical outcomes, although anatomical vari
ability remains a challenge.

Collectively, these studies confirm that collateral circulation serves 
as a vital compensatory mechanism during arterial occlusion. Its accu
rate and timely assessment remains critical for optimizing treatment 
strategies and improving outcomes in acute ischemic stroke manage
ment. Because these visual scales are heterogeneous and ordinal, the 
next section details AI-based collateral classification pipelines and their 
evaluation. Because these visual scales are heterogeneous, qualitative, 
and time-sensitive, automated pipelines that respect the ordinal nature 
of grading and the spatiotemporal dynamics of multiphase imaging are 
a logical next step provided they are trained with consensus labels, ex
ternally validated, and calibrated for clinical decision support.

8. Collateral circulation classification techniques

This section outlines the standard workflow for automated col
lateral grading data acquisition, preprocessing, augmentation, model 
training, and evaluation, and compares common model families (CNN, 
ResNet18/50, VGG, transformers, and hybrids) in practical terms.

8.1. Model architectures for collateral classification

Most research studies on brain collateral circulation classification 
follow a standardized processing and modeling pipeline. As shown in 
Fig. 8, Schematic created by the authors. To support reproducibility, 
pipelines should predefine patient-level splits (to avoid leakage), stratify 
by class, and reserve a held-out external test set. We encourage boot
strapped 95% CIs for all metrics, reporting per-class sensitivity/speci
ficity and macro-F1 in addition to AUROC. Domain shift should be an
ticipated (scanner vendor/protocol/phase timing); harmonization and 
external validation are therefore essential. The typical procedure begins 
with dataset collection from brain imaging modalities such as CBCT, CT, 
or MRI, classes.

The collected data undergoes a series of preprocessing steps, includ
ing normalization, standardization, vessel extraction (using methods 
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Table 3
Collateral Circulation Grading Systems by Other Researchers.

Author Imaging Modality Grading System Description

[46] CT Angiography 0: Absent collaterals (0% filling); 1: Poor collaterals (>0% and ≤50% filling); 2: 
Moderate collaterals (>50% and <100% filling); 3: Good collaterals (100% filling).

[62] CT Angiography 1: Good (100% collateral supply); 2: Intermediate (>50% and <100%); 3: Poor (≤50%).
[63] CT Angiography 1: Poor; 2: Good.
[64] Transcranial Doppler Good: ≥2 vessels; Poor: ≤1 vessel.
[24] CT Angiography Five-point scale ranging from absent to exuberant collaterals.
[25] CT Angiography 1 (Good): Full reconstitution; 2 (Moderate): Sylvian branches; 3 (Poor): Distal 

superficial branches.
[23] CT Angiography 0: Absent; 1: <50%; 2: 51--99%; 3: 100% filling.
[65] MRI Grades include: Absent, Subtle, and Prominent collateral patterns.
[66] Cerebral Angiography Good: ≥3 MCA retrograde branches; Poor: <3 retrograde branches.
[26] Cerebral Angiography 0--4 point collateral flow scale.

Fig. 9. Basic CNN architecture. 

like U-Net or edge detection), and noise reduction through Gaussian or 
median filtering. To improve model robustness, data augmentation tech
niques such as rotation, flipping, scaling, cropping, and synthetic data 
generation are applied. The augmented dataset is then split into train
ing and testing subsets, and selected unimodal deep learning models are 
trained and evaluated. Finally, the trained models produce classification 
reports, providing insight into the predicted collateral circulation, for or
dinal targets (poor → intermediate → good), ordinal losses (e.g., CORN, 
cumulative link) or regression-to-grade with thresholding can reduce 
boundary errors versus flat softmax. Class imbalance can be addressed 
via focal loss, cost-sensitive weighting, or curriculum sampling, with 
thresholds selected by maximizing clinical utility rather than overall 
accuracy. Building upon this standardized pipeline, several deep learn
ing model architectures have been employed for the classification task. 
Figs. 9 to 12 present representative models widely used in recent stud
ies.

Fig. 9 presents the detailed structure of a typical Convolutional Neu
ral Network (CNN) applied to collateral circulation classification. CNNs 
are a class of deep learning models designed specifically to process grid
like data, such as images, by automatically learning spatial hierarchies 
of features [72]. The architecture generally consists of an input layer 
receiving the raw imaging data (e.g., MRI, CT, CBCT), followed by a 
series of convolutional layers where filters slide across the input to cap
ture local patterns. Each convolutional operation is typically followed by 
a non-linear activation function, such as ReLU (Rectified Linear Unit), 
which introduces non-linearity into the model and helps it learn com
plex representations [73].

Pooling layers (often max pooling) are interleaved between convo
lutional layers to progressively reduce the spatial resolution of feature 
maps, thus lowering computational cost and providing translational in
variance [74]. As the data passes through successive convolutional and 
pooling layers, the model extracts increasingly abstract and high-level 

features from edges and textures in the early layers to complex anatom
ical structures in the deeper layers.

After feature extraction, the output is typically flattened and passed 
into one or more fully connected (dense) layers, which integrate the 
learned features across the entire input space. The final output layer 
employs a softmax activation function to assign probabilities across the 
predefined classes, such as ‘poor,’ ‘moderate,’ or ‘good’ collateral circu
lation categories.

One of the strengths of CNN architectures lies in their ability to per
form end-to-end learning, eliminating the need for manual feature engi
neering [75]. Furthermore, by leveraging convolutional weight sharing 
and local receptive fields, CNNs maintain efficiency even when deal
ing with high-dimensional medical images. Studies such as Litjens et 
al. [76] and Shen et al. [77] have highlighted CNNs’ effectiveness across 
a broad range of medical imaging tasks, including lesion detection, tis
sue segmentation, and disease classification. In collateral grading, CNNs 
benefit from vessel-centric priors (e.g., masks from U-Net or region pro
posals around MCA territory) and temporal stacking of multiphase CTA 
to capture delayed filling. Vessel-constrained saliency/Grad-CAM over
lays should be provided to support clinician trust.

Fig. 10 illustrates the ResNet-50 architecture, a widely adopted deep 
convolutional neural network built on the principle of residual learn
ing [78]. The core innovation in ResNet lies in the use of identity shortcut 
connections, which allow the input to skip one or more layers and be 
added directly to the output of stacked convolutional operations. This 
structure helps overcome the vanishing gradient problem that typically 
affects deeper networks, thereby enabling effective training of architec
tures with significantly increased depth.

The ResNet-50 model consists of 50 layers, organized into multiple 
convolutional stages. It begins with a 7 × 7 convolution with stride 2, 
followed by batch normalization and max pooling. The network then 
proceeds through four major stages comprising bottleneck blocks, where 
each block is made up of a sequence of 1 × 1, 3 × 3, and 1 × 1 convo
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Fig. 10. ResNet-50 architecture. 

lution layers. The initial 1 × 1 convolution reduces the dimensionality, 
the 3× 3 layer performs spatial filtering, and the final 1× 1 convolution 
restores dimensionality. This bottleneck design enhances computational 
efficiency while maintaining the model’s ability to learn deep, rich fea
ture representations.

As shown in the figure, residual connections are clearly indicated in 
the identity and convolutional blocks, allowing gradients to propagate 
more directly during backpropagation. The identity blocks (Fig. 10(d)) 
perform direct addition of inputs and outputs when the dimensions 
match, while the convolutional blocks (Fig. 10(c)) adjust dimensionality 
via learned transformations to enable valid addition.

The network concludes with an average pooling layer and fully con
nected layers, followed by a softmax classifier that outputs the proba
bility distribution across the target classes, such as good, moderate, or 
poor collateral circulation in the case of ischemic stroke imaging.

ResNet-50 has demonstrated high accuracy and generalization across 
numerous medical imaging tasks, including lesion classification, stroke 
assessment, and vascular structure detection. Its residual design al
lows for deeper feature extraction without compromising training sta
bility, which is particularly beneficial in biomedical contexts where 
subtle anatomical variations must be captured [79--81]. Trade-offs in
clude higher compute and memory footprint; mixed-precision inference, 
model pruning, or knowledge distillation can reduce latency for real
time use. On limited datasets, transfer learning from medical imaging 
pretraining and strong regularization (stochastic depth, heavy augmen
tation) mitigate overfitting.

Fig. 11 highlights the VGG-11 architecture, a deep convolutional 
neural network proposed by Simonyan and Zisserman [82], known for 
its elegant and uniform design. Unlike residual networks such as ResNet, 
VGG-11 avoids shortcut connections and instead relies on a purely se
quential stack of convolutional and pooling layers to progressively ex
tract hierarchical features.

The architecture is built around repeated blocks of 3×3 convolutions 
with ReLU activations, each followed by max pooling operations. This 
uniform filter size allows the model to effectively capture fine spatial 
details while controlling the number of parameters. As shown in the 
figure, VGG-11 consists of five convolutional stages, each increasing in 
depth (number of feature maps) but reducing in spatial resolution, as 
the input progresses from 224 × 224 × 3 to smaller dimensions through 
successive pooling layers.

After feature extraction, the output is flattened and passed through 
three fully connected layers (fc6, fc7, fc8), where the final fc8 layer pro
duces class scores, often using a softmax activation to generate proba
bilities across the target categories. This structure makes VGG-11 partic
ularly well-suited for classification tasks on structured and moderately 
sized datasets.

Despite its simplicity, VGG-11 has shown strong generalization ca
pabilities in medical image analysis, including applications in brain 

Fig. 11. VGG-11 architecture [83]. 

Fig. 12. ResNet-18 architecture. 

imaging, lesion classification, and diagnostic assessment [84,85]. The 
model’s sequential nature, combined with its depth, enables it to learn 
complex visual patterns while maintaining interpretability, though it 
typically requires more computational resources and training time com
pared to architectures with residual connections.

Fig. 12 presents the ResNet-18 architecture, a compact residual net
work designed to balance computational efficiency with strong feature 
learning capabilities [78]. Like its deeper counterparts, ResNet-18 incor
porates identity shortcut (skip) connections, which allow the network 
to bypass certain layers during forward and backward propagation, 
effectively mitigating the vanishing gradient problem and facilitating 
smoother optimization in deeper models.

ResNet-18 consists of an initial 7 × 7 convolution followed by max 
pooling, then a series of four residual blocks, each containing two 3 × 3
convolutional layers. As shown in the figure, the feature map resolution 
progressively decreases while the number of filters increases, transition
ing from 112 × 112 × 64 to 7 × 7 × 512. After feature extraction, global 
max pooling is applied, reducing the spatial dimensions and producing 
a compact feature vector, which is concatenated and passed to the fully 
connected layer for final classification.

Despite having fewer layers compared to ResNet-50, ResNet-18 has 
been widely adopted in medical imaging tasks, including stroke clas
sification and brain lesion detection, due to its lower computational 
demands and faster inference times [86,87]. This makes it particularly 
suitable for real-time clinical applications or deployment on devices 
with limited hardware resources, without significantly compromising 
accuracy.

Fig. 13 depicts the machine learning (ML) pipeline used for classify
ing collateral circulation status into poor, moderate, or good categories 
based on structured features (𝑋1, 𝑋2, 𝑋3, 𝑋4) derived from imaging or 
clinical data. The output variable (𝑌 ) represents the ground truth labels 
obtained from expert assessment or reference standards.
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Fig. 13. Machine learning workflow for collateral classification using structured 
clinical and imaging features.

The dataset undergoes a standard data-splitting process, with typi
cally 80% allocated for training and 20% for testing. During the training 
phase, supervised learning algorithms such as Random Forest (RF), Deci
sion Tree (DT), and Support Vector Machine (SVM) are employed. These 
algorithms are optimized through parameter tuning to maximize predic
tive performance. Once trained, the model generates predicted values on 
the test set, which are subsequently evaluated using performance met
rics such as accuracy, sensitivity, specificity, and F1-score [88,89].

Unlike deep learning models that require large datasets and raw im
age inputs, ML approaches rely on predefined features, offering faster 
training times, lower computational demands, and better interpretabil
ity. This makes them particularly appealing in clinical research settings 
where feature sets are carefully curated and dataset sizes are often lim
ited.

Overall, to enable fair comparison across architectures, we recom
mend (i) reporting per-class sensitivity/specificity, macro-F1, AUROC 
with 95% CIs; (ii) ordinal agreement metrics (weighted Cohen’s kappa, 
Spearman’s 𝜌); (iii) calibration error (ECE) and Brier score; and (iv) ex
ternal validation across distinct institutions/scanners. The summarized 
architectures in Table 4 reflect the prevailing trends in collateral circu
lation classification research. Among deep learning approaches, Convo
lutional Neural Networks (CNNs), ResNet-50, ResNet-18, and VGG-11 
are the most commonly employed due to their strong ability to extract 
hierarchical and complex features directly from imaging data. These 
models have repeatedly demonstrated high classification accuracy, par
ticularly in tasks involving stroke assessment and vascular characteriza
tion, thanks to their capacity for end-to-end learning and robust feature 
representation.

On the other hand, machine learning models such as Support Vec
tor Machine (SVM), Random Forest (RF), Decision Trees (DT), and k
Nearest Neighbor (k-NN) continue to play an essential role, especially 
when working with structured clinical and handcrafted imaging fea
tures. These models are favored in studies with smaller datasets or where 
computational efficiency and interpretability are prioritized.

Together, these architectures provide a comprehensive toolkit for 
advancing the automated classification of brain collateral circulation, 
supporting improved clinical decision-making in ischemic stroke man
agement. The integration of both deep learning and machine learning 
models underscores the importance of balancing data-driven feature 
learning with classic algorithmic strategies, depending on the nature 

of the available data and the specific clinical objectives. Building on 
the pipeline and architectures above, the next subsection surveys re
cent studies covering datasets, modalities, labeling strategies, validation 
scope, and reported performance and highlights persistent gaps

8.2. Recent studies in collateral circulation classification

Despite its significant potential, the application of deep learning in 
collateral circulation classification remains relatively limited, with only 
a handful of studies specifically targeting this domain using medical 
imaging modalities such as CT angiography and MRI. Table 5 sum
marizes key studies that have implemented deep learning approaches 
for collateral detection and classification in ischemic stroke patients. 
These automated methods assist radiologists in decision-making and 
pave the way toward real-time, AI-augmented clinical workflows. Tetteh 
et al. [103] comprehensively investigated the use of deep reinforcement 
learning for region of interest (ROI) identification from MR perfusion 
imaging parametric maps to improve the precision and interpretability 
of collateral assessment. Their study incorporated advanced feature ex
traction techniques, including three-dimensional Histogram of Oriented 
Gradients (3D HOG), Local Binary Patterns (LBP), and denoising au
toencoders, which were subsequently fed into classifiers such as CNNs, 
Random Forests, and k-Nearest Neighbors (k-NN), demonstrating the 
effectiveness of combining deep and traditional machine learning meth
ods.

Further advancements were introduced by Bağcılar et al. [105], who 
developed a hybrid CNN-Transformer framework to capture both local 
spatial features and long-range dependencies from CTA images, achiev
ing robust performance across multiple evaluation metrics. Their study 
also revealed that clinical variables such as onset to CT time, NIHSS 
scores, gender, and age significantly influenced collateral status, sup
porting the clinical relevance of multimodal integration. Rava et al. [71] 
proposed a deep learning model using Keras and TensorFlow to predict 
collateral scores from arterial volume measurements extracted from CT 
perfusion imaging, demonstrating improved reproducibility over man
ual methods. Similarly, Hokkinen et al. [59] designed a 3D CNN to 
predict infarct core volume from CTA data, offering a strong correlation 
with final infarct volumes in late-window patients, thus highlighting 
the potential utility of non-contrast imaging in collateral evaluation. 
In parallel, Aziz et al. [106] evaluated conventional machine learn
ing classifiers (Decision Tree, SVM, Random Forest, k-NN) on CBCT 
images, showing that SVM combined with Gray-Level Co-occurrence 
Matrix (GLCM) features yielded the best performance. Su et al. [46] 
combined CNN-based vessel segmentation and morphological feature 
extraction to classify collaterals in CTA images, demonstrating the ad
vantages of hybrid pipelines combining deep learning and traditional 
feature-based methods. Clinically, multimodal fusion is most compelling 
when it reduces time-to-decision (door-to-needle/groin) and supports 
EVT selection; reporting should therefore include workflow timings and 
decision-impact, not only accuracy/AUC.

Meanwhile, Aktar et al. [107] proposed the ACCESS framework to 
assess collaterals based on the proportion of unenhanced vessels, offer
ing a practical solution to minimize inter-observer variability in visual 
scoring. Oman et al. [108] utilized a 3D CNN architecture that inte
grated information from both non-contrast CT and contralateral hemi
spheres, improving lesion detection accuracy in early stroke assessment. 
Ali et al. [111] explored CBCT-based collateral classification using a 
VGG11 CNN model. Although the model achieved moderate accuracy 
(58.32%) with higher sensitivity (75.50%), it faced challenges related 
to data heterogeneity and moderate overfitting. Future improvements 
were suggested through the adoption of larger, multi-center datasets 
and deeper architectures like VGG16 or ResNet variants. Grunwald et 
al. [109] validated an automated collateral scoring system based on 
conventional machine learning, achieving high agreement with expert 
radiologists. Tangwiriyasakul et al. [104] developed a deep generative 
inference model using variational autoencoders to map NIHSS subscores 
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Table 4
Summary of Machine Learning and Deep Learning Model Architectures Used for Collateral Classification.

Model Key Architecture/Working Principle Notable Features Reference 
CNN (Basic) Convolution → ReLU → Pooling → Fully Connected 

layers
Effective deep feature extraction; spatial pattern 
recognition for medical images

[90--92] 

ResNet18 Conv1 layer followed by BasicBlock ×2 at four stages, 
then Fully Connected layer

Lightweight residual network; suitable for real-time 
applications; identity shortcuts for gradient stability

[78,93] 

ResNet50 Conv1 layer followed by Bottleneck ×3, Bottleneck ×4, 
Bottleneck ×6, and Bottleneck ×3, then Fully 
Connected layer

Deeper architecture with bottleneck design; optimized 
for high-complexity image tasks

[78,81] 

VGG11 Sequential Conv3×3 layers with MaxPooling at 
intervals, ending with Fully Connected layers

Simple and deep architecture; uniform convolution 
kernels; effective for smaller datasets

[82,94,95] 

SVM Finding the optimal hyperplane for separating classes 
in high-dimensional space

Robust for smaller datasets; highly effective with 
engineered features

[96,97] 

Random Forest Ensemble learning combining multiple decision trees 
using majority voting

Reduces overfitting; highly robust to noise and outliers [98,99] 

K-NN Classifies samples based on the majority label among 
the k nearest neighbors in feature space

Simple, intuitive algorithm; sensitive to feature scaling 
and outliers

[100] 

Decision Tree Hierarchical recursive partitioning of data using 
learned decision rules

Easy to interpret; fast but prone to overfitting if not 
pruned appropriately

[101,102] 

Table 5
Collateral Analysis Techniques by Other Researchers.

Study Purpose Imaging Modality Technique Result

[28] Classification 4D-CTA ResNet34 (Single-image and Multi-image 
Input)

Single-image model = 0.85, Multi-image model = 0.89

[27] Classification CTA Multilevel Multimodal Deep Learning (CNN, 
Multimodal Fusion, AutoML)

Multilevel-Multimodal = 91.17%, CNN-Multimodal 
Fusion = 94.11%

[29] Classification Multi-phase CTA Feature Fusion Attention Network 
(CCA4CTA) with Local and Global Attention

Accuracy = 90.43%

[104] Collateral Mapping CTA Deep Generative Inference Accurate localization of perfusion deficits
[103] Classification MRI CNN, Random Forest, k-NN, SVM CNN+MLP = 0.72, RF = 0.67, KNN = 0.44, SVM = 

0.51
[105] Classification CTA Hybrid CNN-SVM, ResNet, MViTv2, MPViT SVM = 0.6774, ResNet = 0.7358, MViTv2 = 0.6246, 

MPViT = 0.767
[71] Classification CTA CNN (Keras) Accuracy = 0.76
[59] Classification CTA 3D CNN Sensitivity = 0.38, Specificity = 0.89
[106] Detection CBCT Decision Tree, SVM, Random Forest, KNN DT = 0.77, SVM = 0.77, RF = 0.78, KNN = 0.68
[46] Classification CTA CNN Accuracy = 0.80
[107] Detection CTA Conventional Machine Learning Accuracy = 0.84
[108] Detection CTA 3D CNN Sensitivity = 0.93, Specificity = 0.82
[109] Detection CTA Conventional Machine Learning Accuracy = 0.90
[110] Core Volume Classification CT Perfusion (CTP) End-to-End CNN using VGG19 + 1D 

convolutions for spatial-temporal features
ROC-AUC = 0.72 (CV), 0.61 (external test)

[111] Classification CBCT VGG11-based CNN Accuracy = 58.32%, Sensitivity = 75.50%, Specificity 
= 44.10%, Precision = 52.70%, F1 = 62.10%

[30] Classification CTA Radiomics + Ridge feature selection + 
XGBoost

AUC = 0.77 and 0.78 for binary classifications

[112] Classification CBCT ResNet18 Accuracy = 65.9%, Sensitivity = 77.6%, Specificity = 
52.6%, Precision = 65.0%, F1-score = 69.8%

from perfusion maps, introducing a novel non-invasive method for func
tional outcome prediction. Wang et al. [28] utilized stitched multi-phase 
CTA images combined with ResNet34, demonstrating that single-image 
models achieved a superior AUC of 0.89 for collateral classification. Raj 
et al. [27] advanced the field by integrating CNN features, vessel area 
metrics, and structural similarity measures (SSIM) through an AutoML 
ensemble, achieving 94.11% accuracy, thus showcasing the power of 
multimodal learning in stroke imaging. Avery et al. [30] applied ra
diomics feature extraction and machine learning classifiers (XGBoost) 
on CTA images, achieving AUCs of 0.77--0.78, and highlighted the in
dependent prognostic value of radiomics-based collateral scores. [110] 
proposed an end-to-end deep learning model using VGG19 and temporal 
1D convolutions for infarct core volume classification directly from CTP 
data, reaching a mean ROC-AUC of 0.72 across cross-validation cohorts. 
Finally, Ali et al. [112] introduced a ResNet18 model for CBCT-based 
collateral classification, achieving 65.9% accuracy and emphasizing the 
benefits of residual learning in limited data scenarios. Across these stud
ies, the adoption of deep learning, hybrid architectures, and multimodal 
strategies has shown substantial promise in automating collateral cir
culation assessment, ultimately supporting timely stroke diagnosis and 

intervention. Having reviewed recent methods and performance, the 
next section turns to clinical application, how pre-treatment collateral 
status informs triage and therapy selection (intravenous thrombolysis 
(IVT) and endovascular thrombectomy (EVT), predicts infarct growth 
and complications, and where AI-derived grades can influence work
flow and outcomes.

9. Clinical applications: insights from collateral status

The assessment of collateral status offers crucial insights into the 
underlying mechanisms of large vessel occlusions (LVOs) in ischemic 
stroke. A particularly important contributor, often observed in specific 
ethnic groups, is intracranial atherosclerotic disease (ICAD), which can 
lead to stroke through mechanisms such as hypoperfusion caused by 
progressive arterial narrowing. Unlike acute embolic occlusions that 
develop abruptly, ICAD frequently results in chronic ischemia, which 
promotes the gradual formation or recruitment of collateral networks. 
This distinction aligns with previous pathophysiological findings, where 
both structural and functional imaging evaluations of collateral path
ways have been explored as tools for distinguishing stroke etiologies 
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[113--115]. Operationally, collateral patterns can support early etio
logic triage (ICAD versus embolic) and guide periprocedural planning 
(e.g., need for angioplasty/stenting, antiplatelet strategy), reinforcing 
the value of standardized collateral reads in real-time decision path
ways.

Additionally, a recent meta-analysis focusing on patients undergoing 
reperfusion therapy revealed that strokes due to large artery atheroscle
rosis were significantly more likely to exhibit good pre-treatment collat
eral status compared to those of cardioembolic origin (risk ratio 1.24; 
95% CI 1.04--1.50; P=0.020), although notable heterogeneity across 
studies was observed [116]. Given the between-study heterogeneity, 
these effect estimates should be interpreted as hypothesis-generating; 
future analyses should stratify by occlusion site, treatment window, and 
grading scale, and adjust for baseline core, ASPECTS, NIHSS, and onset
to-imaging time.

10. Collateral circulation as a prognostic factor in ischemic stroke

Collateral circulation serves as a pivotal prognostic factor influenc
ing both imaging findings and clinical outcomes in ischemic stroke 
patients. Data show that individuals presenting with poor collateral 
status upon admission often have larger ischemic core volumes and ex
perience less favorable clinical progressions [129]. In contrast, within 
the initial 48-hour period following stroke onset, robust collateral flow 
has been associated with early neurological improvements and reduced 
rates of hemorrhagic transformation, whether symptomatic or asymp
tomatic [36].

In large prospective cohorts of LVO patients, the presence of strong 
collateral networks has emerged as an independent predictor of long
term favorable outcomes, particularly in those who do not receive reper
fusion therapy. Interestingly, while collateral status has not been con
sistently linked to penumbra size, it has shown a strong association with 
ischemic core volume and the rate at which the core expands, as demon
strated by multimodal CT imaging analyses [130,131].

However, it is important to note that the prognostic value of col
lateral quality may not apply in the same way to ICAD cases, where 
stroke events often represent the collapse or exhaustion of the collateral 
reserve. While current data supporting this notion are limited, retrospec
tive analyses, including those from the Warfarin-Aspirin Symptomatic 
Intracranial Disease (WASID) trial, suggest that collateral status inde
pendently predicts the risk of subsequent strokes in the affected vascular 
territory [132].

10.1. Prognostic role in intravenous thrombolysis

A comprehensive systematic review and meta-analysis, encompass
ing 25 retrospective cohorts and three post-hoc randomized controlled 
trial analyses with a combined total of 3,057 patients, reported that 
individuals with good pre-treatment collaterals were significantly less 
likely to experience symptomatic hemorrhagic transformation (risk ratio 
0.38; 95% CI 0.16--0.90; P=0.03). Furthermore, these patients exhibited 
higher rates of early neurological improvement (risk ratio 4.21; 95% CI 
1.57--11.28; P=0.004) and better functional outcomes, defined as mRS 
0--2 at 3--6 months (risk ratio 2.45; 95% CI 1.94--3.09; 𝑃 < 0.001). Other 
notable findings included lower median NIHSS scores at admission and 
smaller infarct volumes on baseline imaging. Interestingly, the analy
sis did not find statistically significant associations between collateral 
status and successful recanalization, reperfusion, overall hemorrhagic 
transformation risk, final infarct size, or three-month mortality [133].

11. Prognosis in endovascular thrombectomy

A substantial body of research has demonstrated the prognostic im
portance of collateral circulation in patients undergoing endovascular 
thrombectomy (EVT) for ischemic stroke. Two influential systematic 
reviews and meta-analyses, encompassing studies published through 

March 2015, showed that patients with good collateral status prior 
to EVT were significantly more likely to achieve successful reperfu
sion (as assessed by the modified Thrombolysis in Cerebral Infarction, 
mTICI, score; risk ratio 1.28, 95% CI 1.17--1.40, 𝑃 < 0.001) and suc
cessful recanalization (measured by the Arterial Occlusive Lesion, AOL, 
score; risk ratio 1.23, 95% CI 1.06--1.42, P=0.006) [133]. Additionally, 
good collateral status was associated with higher rates of favorable 90
day functional outcomes (mRS ≤ 2; risk ratio 1.98, 95% CI 1.64--2.38, 
𝑃 < 0.001), lower risk of symptomatic intracranial hemorrhage (risk ra
tio 0.59, 95% CI 0.43--0.81, P=0.001), and reduced 90-day mortality 
(risk ratio 0.49, 95% CI 0.38--0.63, 𝑃 < 0.001).

To improve comparability, we summarize studies with attention to 
scale used, window, and outcome definitions, and—where reported�-
include effect sizes with confidence intervals. Table 6 compiles land
mark studies published after March 2015 [117,23,118,134,120--122,5, 
123,38,124,125,25,24,126--128,119], which consistently report a posi
tive association between collateral status and outcomes in anterior cir
culation LVO. However, outcomes for vertebrobasilar LVO remain more 
variable, as highlighted by recent reviews [135].

Specifically, among patients treated in the late time window (6--24 
hours after symptom onset), stronger collateral circulation has been 
associated with smaller computed tomography perfusion (CTP) core vol
umes, smaller penumbra, larger mismatch ratios, lower hypoperfusion 
intensity, and overall superior functional outcomes [119,112].

Pre-treatment collateral status consistently guides triage and therapy 
selection (intravenous thrombolysis and endovascular thrombectomy), 
predicts infarct growth and hemorrhagic risk, and correlates with func
tional outcomes. However, routine practice still depends on manual 
CTA/MRA/DSA grading with heterogeneous scales (Tan, Maas, Miteff, 
ASITN/SIR), variable phase timing, and only moderate inter-observer 
agreement; evidence for CBCT in the acute setting remains sparse. Most 
AI studies are retrospective, single-centre, and small, with limited ex
ternal validation, scant calibration/uncertainty reporting, and minimal 
inclusion of clinical covariates or posterior-circulation/ICAD subgroups. 
This gap links the clinical need to the automated pipelines reviewed 
earlier: robust, ordinal, spatiotemporal AI that renders vessel-centred 
overlays with calibrated poor/intermediate/good outputs, abstains on 
low-confidence cases, and integrates into PACS/angiography workflows. 
Bridging this gap will require harmonised labeling across scales, mul
ticentre datasets (including CBCT), and prospective evaluations that 
track workflow KPIs and patient outcomes. The Discussion synthesizes 
these issues, pinpoints remaining barriers (data, labeling, domain shift, 
workflow engineering), and outlines pragmatic routes to clinically de
ployable, real-time collateral classification.

12. Discussion

This review highlights the growing utilization of artificial intelli
gence, particularly deep learning (DL) methodologies, for classifying 
collateral circulation in ischemic stroke. Across recent studies, several 
significant trends and methodological innovations have emerged, under
scoring the transformative potential of intelligent approaches in clinical 
diagnostics and therapeutic decision-making. As demonstrated in recent 
literature, CNN-based architectures have become the primary choice for 
collateral circulation classification, leveraging their exceptional ability 
to extract complex spatial and structural features from medical im
ages. Notably, CNN variants such as ResNet34, ResNet18, ResNet50, 
and VGG11 have been widely employed due to their proven effective
ness in medical imaging tasks. For instance, Wang et al. [28] utilized 
a ResNet34 model on multi-phase CTA data, significantly improving 
classification performance by incorporating multiple temporal phases 
to capture dynamic collateral flow characteristics. Beyond architectural 
choice, multiphase inputs consistently improve discrimination by cap
turing delayed filling; however, across studies this gain is sensitive to 
protocol (single vs. multiphase CTA) and label granularity, underscor
ing the need for standardized acquisition and grading.
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Table 6
Selected studies reporting the association between pre-treatment collateral status and outcomes after EVT of anterior 
circulation large vessel occlusion stroke.

Study Patients (n) Collateral scale (method) Main findings

[117] 1,764 (871 EVT, 893 
control)

Tan et al. [23] (sCTA, 
mCTA, CE-MRA)

Benefit seen across all strata; poor collaterals benefited less 
from EVT (not statistically significant).

[118] 130 (65 EVT, 65 control) Tan et al. [23] Good collaterals linked to smaller ischemic core volume and 
less growth; no significant link with outcome, sICH, or 
death.

[119] 161 (91 EVT, 70 control) Tan et al. [23] (CTA), 
ASITN/SIR [5] (DSA)

Collateral status linked to infarct core at 24h, ASPECTS, 
successful revascularization, functional outcome, and death.

[120] 93 Tan et al. [23] Good collaterals significantly linked to good clinical 
outcome (OR 9.69; P=0.001).

[121] 104 Tan et al. [23] Good collaterals linked to smaller final infarct, better NIHSS 
at 24h, lower in-house mortality; no link to 3-month 
mortality or outcome.

[122] 135 Tan et al. [23] (CTA), 
Christoforidis et al. [5] 
(DSA)

Good collaterals linked to better outcome (OR 2.13; 
𝑃 < 0.001), lower mortality, lower sICH, higher ASPECTS, 
better NIHSS.

[123] 119 Regional collateral 
scoring [38]

Good collaterals predicted good functional outcome (OR 
5.14; P=0.005).

[124] 339 (257 EVT, 82 no 
EVT)

Tan et al. [23] EVT benefit (infarct growth, outcome, mortality) higher in 
poor collaterals.

[125] 84 Tan et al. [23] (CTA), 
Maas et al. [24] (CTA)

Good collaterals in Miteff/Maas scores linked to good 
outcome.

[126] 283 Miteff et al. [25] (sCTA) Collateral grade linked to final infarct volume, but not to 
the functional outcome.

[127] 361 (285 EVT, 76 
medical)

CTA [38] Collateral status linked to early infarct growth, which links 
to functional outcome.

[128] 2,020 ASITN/SIR (DSA) Good collaterals linked to successful reperfusion (OR 1.77), 
excellent reperfusion, good outcome; not linked to sICH or 
3-month mortality.

Similarly, Ali et al. [112], [111] employed ResNet18 and VGG11 
architectures, respectively, demonstrating competitive results despite 
challenges posed by limited and heterogeneous CBCT datasets, Gener
alization remains the key barrier: most results are single-center without 
external validation, and domain shift (scanner vendor/protocol, case
mix) can degrade performance. Future datasets should be multi-center 
with predefined external test sets. Thus underscoring the robustness and 
adaptability of these CNN models in diverse imaging scenarios. Expand
ing further, hybrid models combining CNNs with Transformers or mul
timodal feature fusion have been increasingly favored by researchers. 
These models integrate the superior local feature extraction capabilities 
of CNNs with the global contextual understanding of Transformer-based 
architectures, significantly enhancing overall performance. Bağcılar et 
al. [105], for instance, successfully combined CNNs with the MPViT 
transformer architecture, achieving superior accuracy compared to con
ventional ResNet and SVM classifiers by effectively capturing both local 
and global contextual features from CTA images. Raj et al. [27] further 
illustrated the advantage of employing multimodal fusion strategies, in
tegrating CNN-extracted structural features with AutoML-based texture 
metrics. This multilevel fusion strategy significantly enhanced classi
fication accuracy, reflecting the benefits of simultaneously leveraging 
diverse data streams to improve diagnostic precision.

To aid reproducibility and comparison, we harmonize reporting 
around accuracy, AUC, sensitivity, specificity, and F1, and note where 
thresholds or class balance differ across studies. As shown in Table 7, 
a range of intelligent assistant frameworks has been employed to au
tomate collateral classification. CNN-based architectures are the most 
dominant, owing to their capacity for high-dimensional feature extrac
tion from imaging data such as CTA, CBCT, and MRI. In addition, 
hybrid methods incorporating Transformer-based architectures (e.g., 
Multi-Path Vision Transformer (MPViT)) and AutoML pipelines have 
shown improved accuracy and robustness. Traditional machine learn
ing techniques, such as SVM, k-NN, and Random Forest, remain relevant 
when applied to structured features, particularly when datasets are lim
ited or when interpretability is required. These strategies collectively 
demonstrate that deep learning is at the forefront of innovation in this 

Table 7
Most Common and Effective Models for Collateral Circulation Classification.

Model Type Purpose

CNN models (ResNet34, VGG11, 
ResNet18)

Automated classification from CTA, 
CBCT, MRI [28,112,111]

Hybrid CNN-Transformer (MPViT, 
MViTv2)

Spatial and long-range feature 
fusion [105]

CNN + AutoML Fusion Structural + texture-based 
evaluation [27]

Deep Generative Inference Model Mapping NIHSS from perfusion 
maps [104]

Traditional ML models (SVM, RF, 
k-NN)

Morphology-based 
classification [106,103]

domain, while hybrid and conventional methods still serve as valuable 
complementary tools.

The evaluation of these intelligent models is grounded in a set of 
well-established performance metrics, as outlined in Table 8. Accuracy 
remains the most reported metric, providing a general overview of clas
sification performance. However, in clinical contexts where false posi
tives or false negatives can carry significant consequences, additional 
metrics such as sensitivity, specificity, precision, and F1-score offer 
more nuanced insights. For instance, sensitivity is essential for assess
ing a model’s ability to correctly detect collateral presence in ischemic 
regions, while specificity ensures accurate exclusion of non-collateral 
cases. More advanced metrics, such as the Kappa Score and Jaccard 
Index, are particularly useful in segmentation tasks and multi-class sce
narios, offering insights into agreement and spatial overlap. Studies such 
as those by Ali et al. [111], Bağcılar et al. [105], and Wang et al. [28] 
reflect how these metrics can be used to evaluate not only accuracy but 
also clinical reliability and robustness across imbalanced datasets.

The importance of model selection and data strategy is further high
lighted through performance comparisons, as summarized in Table 9. 
Wang et al. [28] demonstrated that using multi-image input rather than 
single-image input with ResNet34 significantly improved AUC from 0.85 
to 0.89, reinforcing the value of temporal information in collateral eval
uation. Raj et al. [27] showed that integrating AutoML with CNN in a 
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Table 8
The most often utilized DL performance measures in brain stroke Collateral Classification.

Performance Measure Meaning Also Referred To As Mathematical Illustration

Accuracy Correct classifications over total cases Overall Success Rate Accuracy = 𝑇𝑃+𝑇𝑁 
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁

Sensitivity Ability to correctly detect positive cases Recall or True Positive Rate 
(TPR)

Sensitivity = 𝑇𝑃 
𝑇𝑃+𝐹𝑁

Specificity Ability to correctly detect negative cases True Negative Rate (TNR) Specificity = 𝑇𝑁 
𝑇𝑁+𝐹𝑃

Precision Correct positive predictions among all 
predicted positives

Positive Predictive Value 
(PPV)

Precision = 𝑇𝑃 
𝑇𝑃+𝐹𝑃

F1-Score Harmonic mean of precision and recall Balanced F-measure F1 = 2 × Precision×Sensitivity
Precision+Sensitivity

AUC-ROC Overall ability to discriminate between 
classes

Area under ROC curve ROC area between TPR and FPR

Kappa Score (KS) Agreement measure between two raters 
beyond chance

Inter-rater Agreement KS = 𝑇𝑜−𝑇𝑒
1−𝑇𝑒

(where 𝑇𝑜 = observed accuracy and 𝑇𝑒 = expected accuracy)
Jaccard Index (JI) Similarity between two sets Intersection over Union 

(IoU)
JI = 𝑇𝑃 

𝑇𝑃+𝐹𝑃+𝐹𝑁

Mean Absolute Error (MAE) Average absolute difference between 
prediction and ground truth

Absolute Error MAE = 1
𝑛 
∑𝑛

𝑖=1 |𝑎𝑖 − 𝑏𝑖|

Hausdorff Distance (HD) Maximum boundary deviation between 
segmentation and ground truth

Hausdorff Metric
HD =max

(
max 
𝑥∈𝐵𝐺𝑇

𝑑(𝑥,𝐵𝑀𝑆 ),

max 
𝑦∈𝐵𝑀𝑆

𝑑(𝑦,𝐵𝐺𝑇 )
)

multimodal setup improved accuracy from 91.17% to 94.11%, empha
sizing the importance of combining structural and handcrafted features. 
Bağcılar et al. [105] validated the performance superiority of MPViT 
over ResNet and SVM, achieving the highest accuracy of 76.7%. Simi
larly, Ali et al. [111] found that VGG11 outperformed traditional clas
sifiers in CBCT-based classification, demonstrating the strength of deep 
learning even in low-resolution modalities. Hokkinen et al. [59] further 
showed that 3D CNN models enhanced infarct core volume prediction 
accuracy over traditional CNN approaches, underscoring the importance 
of 3D spatial information in stroke imaging. These comparative results 
confirm that architectural innovations and multimodal strategies di
rectly translate into measurable performance gains.

Explainability should be vessel-centric: saliency/Grad-CAM con
strained to arterial territories (e.g., MCA) and overlays on CTA/CBCT 
improve clinician trust and error analysis. Data governance and model 
security (privacy, adversarial robustness) also warrant brief reporting 
in clinical AI studies. Despite rapid progress, several factors still hinder 
clinical translation. Cross-institution variability, limited large annotated 
cohorts, and the lack of explainable outputs remain major barriers. 
Prior studies, including Ali et al. [112], Aziz et al. [106], and Hokkinen 
et al. [59], emphasize the need for multicenter datasets, standardized 
imaging protocols, and visual explanation tools to support clinical ac
ceptance. Making model outputs interpretable e.g., saliency maps and 
Grad-CAM constrained to vascular structures with concise decision ra
tionales can strengthen trust in time-critical workflows. Overall, the 
literature shows a clear shift toward deep learning and hybrid intelli
gent systems that leverage advanced architectures, robust class-aware 
metrics, and multimodal inputs. To move from promising prototypes 
to safe bedside use, future work must prioritize generalizability, in
terpretability, and dataset scalability. The following section details the 
specific challenges and future scopes required to close this development
to-practice gap.

13. Challenges and future scopes in AI-based collateral 
classification

Deep learning has accelerated automated collateral grading on CTA, 
MRA, and CBCT, with convolutional models such as ResNet and VGG, as 
well as CNN-Transformer hybrids and AutoML fusion, reporting strong 
performance for distinguishing poor, intermediate, and good collateral 
status [28,105,27,112,111,59]. Translation into routine practice is lim
ited by three linked areas: data resources, model development, and clin
ical implementation. Weaknesses at the data level often carry through to 
downstream stages and reduce reliability, fairness, and clinical utility.

From a data perspective, many cohorts are modest and single cen
ter, and external validation is still uncommon, particularly for CBCT 
acquired in the angiography suite, as summarised in Table 9. Differences 
in scanner vendor, reconstruction kernel, phase timing, and contrast bo
lus create domain shift that degrades generalisation across sites. Ground 
truth is also inconsistent: collateral scales such as Tan [23], Maas [24], 
and Miteff [25] are not aligned, inter observer agreement is uneven, 
and intermediate grades are often under represented, which adds label 
noise and class imbalance. CBCT further introduces motion, beam hard
ening, and restricted field of view, which can obscure delayed filling 
and complicate annotation.

Model development faces additional constraints. Headline metrics 
frequently focus on accuracy or AUC, while Table 8 indicates the need 
for per class sensitivity and specificity, precision-recall analysis, prob
ability calibration, and uncertainty estimation to select safe operating 
thresholds and to allow abstention when confidence is low. Collateral 
grades are ordinal by design; treating them as flat categories discards 
useful structure and inflates errors on borderline cases. Spatiotempo
ral information from multiphase CTA is sometimes reduced to a single 
frame, which weakens the physiologic signal of delayed collateral re
cruitment. Robustness to protocol changes remains fragile, and practical 
engineering details such as low latency inference, stable DICOM or PACS 
integration, clear failure modes, and monitoring after deployment are 
not consistently reported.

Clinical implementation depends on trust, usability, and measurable 
patient benefit. Outputs that lack vascularly plausible visual explana
tions limit acceptance. Interfaces should deliver vessel-centred overlays 
and concise grade suggestions that fit emergency and angiography work
flows without delaying intravenous thrombolysis or thrombectomy de
cisions. Prospective evidence that links model output to infarct growth, 
symptomatic haemorrhage, door to decision time, and 90-day modi
fied Rankin Scale is limited, which restricts regulatory and institutional 
adoption. Sustainable use also requires operational safeguards, includ
ing drift detection, periodic recalibration, audit trails, and defined fall
backs for inadequate input quality.

Future progress is likely to arise from realistic data, appropriate 
learning formulations, rigorous evaluation, and seamless workflow in
tegration rather than a single superior architecture. This review’s spe
cific contribution is to synthesise AI-driven collateral grading with an 
emphasis on in-suite CBCT and to harmonise reporting across recent 
studies by extracting modality, grading scale, validation scope, and met
rics; we foreground workflow impact rather than algorithmic novelty, 
thereby complementing prior general stroke-AI surveys. Multicenter 
consortia that curate harmonised CTA and in-suit CBCT cohorts with 
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Table 9
Summary of AI-based collateral classification studies, including dataset characteristics, validation status, labeling, imaging modality, and performance gains.

Study / Model Dataset (n) & Origin Validation Labeling Imaging Modality Performance Metrics (95% CI) / 
Gains

Wang et al. [28] 
(ResNet34, multi-image)

250 patients, China Yes (external) 2 neuroradiologists, 
consensus

Multiphase CTA AUC 0.89 (0.84--0.93), Acc. 87%; 
Gain: +0.04 AUC vs single-image

Raj et al. [27] (CNN + 
AutoML Fusion)

200 patients, India Yes (cross-institution) Guideline-based 
labeling

CTA + AutoML fusion Acc. 94.1% (NR CI), AUC 0.91; 
Gain: +3% vs standalone CNN

Kuang et al. [105] 
(MPViT Transformer)

300 patients, 
multicenter (China)

Yes 3-radiologist 
consensus

CTA Accuracy 76.7% (NR CI); Gain: 
higher than ResNet (73.6%) and 
SVM (67.7%)

Ali et al. [112] 
(ResNet18)

120 patients, Malaysia No (internal only) Single expert CBCT Acc. 65.9%, Sens. 77.6%, Spec. 
52.6%, F1 = 0.70

Ali et al. [111] (VGG11) 85 patients, Malaysia No Single rater CBCT Acc. 58.3%, Sens. 75.5%, Spec. 
44.1%; Outperformed DT, SVM, 
RF, k-NN

Hokkinen et al. [59] (3D 
CNN)

90 patients, Finland Yes (internal CV only) Consensus CTA Sens. 0.38, Spec. 0.89; Gain: 
improved infarct volume 
prediction vs 2D CNN

documented acquisition metadata and phase timing are fundamental. 
Where direct sharing is not feasible, federated learning and carefully val
idated synthetic augmentation can broaden diversity while preserving 
privacy. Ordinal or regression formulations that respect grading conti
nuity, paired with spatiotemporal encoders such as 3D or 4D CNNs and 
CNN-Transformer hybrids, can better capture delayed filling dynamics. 
Domain generalisation and test time adaptation can improve resilience 
to protocol and scanner variation. Models should expose calibrated con
fidence and explicit abstention, and can gain clinical relevance by fusing 
imaging with covariates such as NIHSS, onset to scan time, vascular ter
ritory, and suspected aetiology. Evaluation should routinely report per 
class performance, area under the precision-recall curve for rare classes, 
calibration error, and decision curve analysis, together with external val
idation and stratified audits by sex, age, aetiology, territory, and time 
window. Prospective studies that measure workflow indicators and pa
tient outcomes, with anatomy-aware explanations embedded directly in 
PACS and angiography consoles, are essential to close the gap from de
velopment to practice.

Within this context, Table 7 summarises prevailing model families 
and the balance between local structure and long range context; Ta
ble 8 Calibration (e.g., reliability plots, Brier score) and decision-curve 
analysis are rarely provided but are essential to quantify net clinical 
benefit; future studies should include these alongside discrimination 
metrics. Clarifies which metrics are most informative for safety critical 
and imbalanced tasks; and Table 9 contrasts datasets, labeling strate
gies, validation scope, and reported gains. Addressing the visible gaps 
in external validation and CBCT representation, together with ordinal
ity and uncertainty aware modeling and transparent evaluation, offers 
a direct route to reliable and equitable deployment of AI for collateral 
classification in ischemic stroke.

Taken together, these observations point to four levers for safe, use
ful deployment data realism, task-appropriate learning, rigorous evalu
ation, and workflow integration. We translate them into the following 
practical priorities.

Future Directions. To advance AI-based collateral grading into clinical 
practice, future work should:

• Real-time assistant: Integrate with PACS/angiography consoles to 
render vessel-centred overlays and an ordinal grade (poor/interme
diate/good) with calibrated confidence; support explicit abstention; 
keep clinicians in the loop without delaying intravenous thrombol
ysis (IVT) or endovascular thrombectomy (EVT).

• Multicentre data at scale: Conduct large, multicentre studies (es
pecially CBCT) to improve generalisability and reduce single-site 
bias.

• Standardisation and sharing: Develop harmonised imaging proto
cols and open-access datasets to enable reproducibility and bench
marking.

• Interpretable, task-appropriate models: Use ordinal/spatiotemporal 
formulations and provide vascularly plausible explanations (e.g., 
saliency/Grad-CAM) to support decision-making.

• Multimodal fusion: Combine imaging (CTA/CBCT/MRI) with clin
ical covariates (e.g., NIHSS, onset-to-scan, vascular territory) to 
enhance diagnostic relevance and personalisation.

14. Conclusion

This review synthesised recent progress in AI-based collateral clas
sification for ischemic stroke across CTA, MRA, and in-suite CBCT. 
Convolutional networks (e.g., ResNet, VGG) and hybrid designs that 
combine CNNs with Transformer backbones or multimodal fusion con
sistently achieve encouraging discrimination of poor, intermediate, and 
good collateral status. At the same time, translation to routine care re
mains constrained by heterogeneous data and labels, limited external 
validation particularly for CBCT uncalibrated outputs, and incomplete 
reporting of workflow integration. This review’s specific contribution is 
to synthesise AI-driven collateral grading with an emphasis on in-suite 
CBCT and to harmonise reporting across recent studies by extracting 
modality, grading scale, validation scope, and metrics; we foreground 
workflow impact rather than algorithmic novelty, thereby complement
ing prior general stroke-AI surveys.

Across modalities, AI methods offer a path to faster and more re
producible collateral assessment than subjective visual grading. MRI 
provides superior soft-tissue contrast without ionising radiation, while 
CBCT shows intra-procedural promise; however, stroke-specific evi
dence for dose, cost, and workflow advantages of CBCT remains pre
liminary and should be interpreted cautiously.

Finally, the key obstacles and the most actionable next steps are 
clear. Principal bottlenecks include limited multicentre datasets (espe
cially for CBCT), non-uniform labeling across collateral scales, domain 
shift from scanner/protocol/timing differences, and under-reported 
workflow engineering. The most direct path to clinical impact is to cu
rate harmonised multicentre cohorts (or use federated learning where 
sharing is restricted); implement a real-time clinical assistant integrated 
with PACS/angiography consoles that renders vessel-centred overlays 
and an ordinal collateral assessment (poor/intermediate/good) with 
calibrated confidence, supports explicit abstention, and keeps clinicians 
in the loop without delaying IVT/EVT; model both the ordinal struc
ture of collateral assessment and the temporal dynamics of multiphase 
imaging (e.g., 3D/4D encoders, CNN–Transformer hybrids); strengthen 
robustness via domain generalisation and test-time adaptation; expose 
calibrated probabilities with abstention on low-confidence cases; and 
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fuse imaging with clinical covariates (e.g., NIHSS, onset-to-scan time, 
vascular territory). Routine external validation, stratified audits, and 
prospective evaluations that track workflow KPIs (e.g., door-to-decision 
time) and patient outcomes (e.g., sICH, 90-day mRS) are essential for 
safe clinical implementation.
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