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ABSTRACT

Intracranial hemorrhage (ICH) represents a challenging neurological emergency, characterized by bleeding
within the cranial vault. Timely intervention in this case is directly linked to reduced mortality and prevention
of permanent sequelae. The interpretation of radiological examination for ICH is full of challenges, including
anatomical variations, imaging artifacts, and small hemorrhages. Artificial Intelligence (Al), particularly
through the application of deep learning (DL) models such as Convolutional Neural Networks (CNNs), has
emerged as a transformative adjunctive technology for radiological interpretation. This study reviews the
growing field of Al for ICH detection on non-contrast head CT scans. A literature search was conducted in
major databases (PubMed, ScienceDirect, SpringerLink, Google Scholar) for English articles from 2016 - 2026
using keywords related to artificial intelligence, deep learning, intracranial hemorrhage, and its variations. The
analysis synthesizes performance metrics reported in recent studies, such as sensitivity, specificity, and area
under the receiver operating characteristic curve (AUC-ROC). This study explores the potential of Al in
quantifying hemorrhage volume, precise localization, classification of hemorrhage subtypes, and integration
into clinical workflows for triage and decision support. Challenges and considerations that accompany the
clinical translation of Al are also defined, including the need for external validation, the nature of complex
algorithms, ethical and legal standings, data security, and integration into existing radiology information
systems. The integration of Al into ICH care signifies a paradigm shift from standardized treatment protocols
toward dynamic, precision medicine. This review explores the role of Al in augmenting the diagnosis and
management of intracranial hemorrhage, emphasizing its role as a powerful tool to enhance the clinical acumen
of radiologists.
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Abbreviations

Al : Artificial Intelligence

AUC: Area Under the Curve

AUC-ROC: Area Under the Receiver Operating Characteristic Curve
CLAIM: Checklist for Artificial Intelligence in Medical Imaging
CNN: Convolutional Neural Network

CT: Computed Tomography
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DL: Deep Learning

EDH: Epidural Hematoma

FDA: Food and Drug Administration

ICH: Intracranial Hemorrhage

IPH: Intraparenchymal Hemorrhage

IT: Information Technology

NCCT: Non-Contrast Computed Tomography
ROC: Receiver Operating Characteristic
RSNA: Radiological Society of North America
SAH: Subarachnoid Hemorrhage

SDH: Subdural Hematoma

XAI: Explainable Artificial Intelligence

INTRODUCTION

The human brain, a vital organ with
unparalleled complexity, is enclosed within the
protection of the cranium. This bony enclosure,
while offering important mechanical protection,
also creates a rigid compartment. Consequently,
any pathological accumulation of blood within
intracranial ~ space (also broadly termed
intracranial hemorrhage (ICH)) poses an
immediate and severe danger to both life and
neurological function.!?” The ICH comprises
several distinct types, each with its own unique
pathophysiological = mechanism,  anatomical
predilection, and clinical implications.” These
types include intraparenchymal hemorrhage (IPH,
where bleeding occurs within the brain tissue
itself); subdural hematoma (SDH, involving the
collection of blood between the dura and the
arachnoid mater); epidural hematoma (EDH,
characterized by bleeding between the skull and
the dura); and subarachnoid hemorrhage (SAH,
where blood extravasates into the subarachnoid
space surrounding the brain).®)

The high rates of mortality and permanent
disability associated with ICH underscore the
critical need for immediate and accurate
diagnosis.” Every bit of delay in identifying and
managing the hemorrhage can lead to irreversible
damage due to increased intracranial pressure,
mass effect, cerebral ischemia, and excitotoxicity.
However, rapid initiation of appropriate
therapeutic interventions, ranging from medical
management to even neurosurgical or
endovascular procedures, is heavily contingent
upon the swift and precise radiological
identification of the intracranial hemorrhage and
its characteristics.*

Non-contrast computed tomography (NCCT)
of the head has long been established as the
primary imaging modality and the gold standard

AI role in ICH detection

for the initial evaluation of suspected ICH in
emergency settings due to widespread availability,
rapid image acquisition time, and high sensitivity
for acute hemorrhage. However, the interpretation
of head CT scans remains a challenge.
Radiologists must navigate a complex array of
potential pitfalls, including:© (i) subtle or small
hemorrhages that can be easily overlooked; (ii)
anatomical variations; (iii) the presence of
imaging artifacts; and (iv) lesions that mimic
hemorrhage (such as calcifications or tumors).

Moreover, the diagnostic performance can be
influenced by the radiologist's level of experience,
fatigue, and the inherent subjectivity of human
perception.®>®  These  factors  collectively
contribute to a significant rate of diagnostic errors
in ICH detection, with potentially catastrophic
consequences for patient outcomes.”

The advent of artificial intelligence (AI) and
the subfield of deep learning (DL) has ushered in
a new era of possibilities in medical image
analysis.>® In its broadest sense, it refers to the
capability of machines to mimic intelligent human
behavior. Moreover, deep learning is a subset of
Al inspired by the structure and function of the
human brain which employs artificial neural
networks with multiple layers to learn hierarchical
representations of data from large datasets.®
Convolutional neural networks (CNNs) have
emerged as a particularly powerful class of DL
architectures for image-based tasks,
demonstrating remarkable success in various
domains,  including  medical  imaging.”)
Convolutional neural networks are designed to
automatically learn spatial features from input
images, making them exceptionally well-suited
for identifying complex patterns such as those
associated with ICH on CT scans.?

The application of Al algorithms can be
trained to rapidly analyze NCCT images, flag
potential hemorrhages, quantify their volume,
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classify their type, and even prioritize urgent cases
for further radiologist review. This capability has
the potential to significantly reducing turnaround
times for critical findings while also minimizing
the risk of human oversight.(}>® This literature
review aims to provide a critical synthesis of the
current state of Al for the detection of intracranial
hemorrhage on non-contrast head CT scans, its
challenges and future directions on how Al can
serve as an adjunctive tool especially in radiology.

METHODS

This narrative review synthesized current
evidence on the use of artificial intelligence and
deep learning architecture in the detection of
intracranial hemorrhage using non-contrast brain
CT-scan. To ensure broad coverage of the relevant
literature, a structured search was conducted of
major biomedical and engineering databases,
including PubMed, ScienceDirect, SpringerLink,
and Google Scholar. The keywords used to

perform the literature search from the date of
inception up to March 15", 2026, were “artificial

intelligence”, “deep learning”, “intracranial
hemorrhage”, “computed tomography”, and their
variations. The search focused on studies
addressing  Al-related methodologies and

technologies relevant to ICH, such as machine
learning, deep learning, neuroimaging analysis,
prognostic modelling, surgical navigation, and
brain—computer interface. Initially, 3,399 articles
were found to match the inclusion criteria, but
eventually, only 55 articles were selected for
analysis and synthesis. A total of 1,310 articles
were removed due to duplication, 870 articles
were not performed on humans and 460 articles
were either abstract only, case report, and editorial
study. Record screening found 317 irrelevant
studies and 210 basic experimental trials. A total
of 22 articles were removed due to lack of access
and 155 articles were removed due to lack of
useful data or different imaging techniques
(Figure 1).

Records removed before screening:
- Duplicate records removed (n = 1,310)
- Study not performed on human (n = 870)
- Abstract, case report, editorial (n = 460)

Records excluded
- Irrelevant study (n = 317)
- Basic experiment trial (n = 210)

Full text unavailable (n = 22)

Studies included in review
(n = 55)

_E Records identified from™:
'§ - PubMed (n = 43)
= - ScienceDirect (n = 373) —>
= - SpringerLink (n = 913)
§ - Google Scholar (n = 2,070)
y
Records screened >
(n=759)
y
Reports sought for retrieval
(n=232)
\4
Reports assessed for eligibility o
(n=210) 4

Reports excluded:
- Lack of useful data (n = 130)
- Different imaging technique (n = 25)

Figure 1. Study identification flowchart
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The "armamentarium" of artificial intelligence
for detecting ICH

The quest to harness the power of Artificial
Intelligence for the detection of intracranial
hemorrhage (ICH) has led to the exploration and
development of a diverse array of computational
methodologies. Among these, DL, and
particularly CNNs, have emerged as the
predominant and most successful approaches.!V
These sophisticated algorithms are designed to
automatically learn intricate patterns and features
directly from medical images, such as non-
contrast head CT scans, enabling them to identify
subtle signs of hemorrhage that might be
challenging for the human eye, especially under
suboptimal conditions.!""'? Understanding the
nuances of these methodologies behind Al usage
for ICH detection is crucial for appreciating their
capabilities, limitations, and potential impact on
clinical practice. The most frequently cited and
utilized architecture is the CNN. The CNNs are a
class of deep learning models specifically
designed to process data that has a grid-like
topology, such as an image, consisting of
convolutional layers as the core building
blocks."® They employ a set of learnable filters
that convolve across the width and height of the
input image, computing the dot product between
the filter and local regions of the image. This
operation allows the network to detect various
local features, such as edges, corners, and textures,
therefore detecting hyperdense regions suggestive
of blood in ICH cases.!*!9

Multiple filters are typically used in each
convolutional layer to learn a diverse set of
features. As the image progresses through
successive convolutional layers, the network
learns to recognize increasingly complex and
abstract  features. Pooling layers, often
interspersed between convolutional layers, serve
to reduce the spatial dimensions (width and
height) of the feature maps, decreasing the
computational complexity of the network and
making the learned representations more robust to
small wvariations. Meanwhile, fully connected
layers, typically found at the end of the CNN
architecture, take the high-level features learned
by the preceding convolutional and pooling layers
and use them to perform classification or
regression tasks. In the case of ICH detection, the
fully connected layers would output a probability
indicating the presence or absence of hemorrhage,
and potentially classify its type or location,!>-19

AI role in ICH detection

Prior studies mention several specific CNN
variants that have been applied to ICH detection,
each with its own innovation in the field. The U-
Net architecture, originally developed for
biomedical image segmentation, has been widely
adopted for ICH detection and segmentation tasks
due to its encoder-decoder structure that enables
precise localization.!” Meanwhile, residual
networks (ResNet) have addressed the vanishing
gradient problem in deep networks, enabling the
training of substantially deeper architectures that
have achieved state-of-the-art performance in ICH
classification.'¥ Dense convolutional networks
(DenseNet) have improved feature propagation
and reuse, demonstrating strong performance in
multi-class ICH subtype classification.!

Transfer learning has also emerged as a
valuable technique in ICH detection, where pre-
trained models on large natural image datasets are
fine-tuned for medical imaging tasks. A previous
study has demonstrated that transfer learning can
achieve high accuracy in classifying ICH
subtypes, with overall accuracy reaching 89.64%
and 82.5% respectively, even with limited medical
imaging data.?” This approach leverages the
hierarchical feature learning already captured in
pre-trained networks, reducing the data
requirements for training effective ICH detection
models.?" Three-dimensional (3D) CNNs have
been developed to capture the volumetric context
of CT scans, processing entire CT volumes rather
than individual slices. These architectures can
leverage the spatial relationships between adjacent
slices, potentially improving detection accuracy
for hemorrhages that span multiple slices.?
Hybrid models combining 2D and 3D approaches
have also shown promise in balancing
computational efficiency with volumetric context
understanding.*® The selection of a specific Al
architecture often involves trade-offs between
performance, computational complexity,
interpretability, and the specific requirements of
the clinical task (as in simple detection vs. detailed
segmentation and classification). The ongoing
research and development in this field continue to
refine these architectures and explore novel hybrid
approaches to further enhance the accuracy and
robustness of Al for ICH detection.¥
Performance evaluation and clinical
integration of Al for ICH detection

The transition of Al models from
experimental frameworks to instruments of
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tangible clinical worth depends critically on
thorough performance assessment and their
incorporation into established medical workflows.
In the domain of ICH identification, the efficacy
of Al algorithms is customarily gauged through
conventional metrics derived from the confusion
matrix, which contrasts the algorithm's accuracy
against a reference standard, typically defined by
the consensus of experienced radiologists
interpreting the images. These quantitative
measures furnish insights into an Al model's
diagnostic  precision,  dependability, and
prospective influence on patient
management,>52¢)

There are several performance indicators to
quantify Al detection prowess. These include
sensitivity, denoting its capacity to accurately
recognize true instances of ICH; specificity,
reflecting its ability to correctly identify studies
devoid of hemorrhage; overall accuracy,
representing the aggregate proportion of correct
classifications; and the area under the receiver
operating characteristic curve (AUC-ROC). 72
The AUC-ROC metric condenses the model's
discriminative ability across all conceivable
classification thresholds into a singular value; an
AUC of 1.0 signifies flawless -classification,
whereas a value of 0.5 indicates performance
equivalent to flipping a coin. For instance, a recent
study demonstrated that Al algorithms achieve 89-
90% sensitivity and 93-95% specificity for
detecting brain hemorrhage on CT scans,
matching or exceeding human radiologist
performance.®” Similarly, another systematic
review reported pooled sensitivity of 92.3% and
specificity of 94.8% across multiple ICH detection
studies.®?

This demonstration of high accuracy suggests
that Al models can attain diagnostic proficiency
on par with that of human specialists in identifying
ICH on non-contrast CT examinations. Such
elevated performance accentuates the models’
potential as a formidable screening instrument,
particularly for discerning subtle or readily
overlooked hemorrhagic lesions. Nevertheless, a
cautious interpretation of these metrics is
imperative, taking into account variables such as
the composition and magnitude of the datasets
utilized for model training and evaluation, the
prevalence of ICH within these datasets, and the
precise criteria employed to define the reference
standard.®3? Moreover, in a screening context,
maximizing sensitivity is often prioritized to
curtail false negatives (missed hemorrhages), even
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if this entails a marginal compromise in specificity
(resulting in more false positives), as false
positives can be subsequently filtered through
expert human review.¥

The practical utility of Al transcends mere
detection; its effective assimilation into the
clinical workflow is a decisive factor governing its
real-world applicability. A prevalent strategy
involves leveraging Al for worklist triage and
prioritization.®¥ The Al algorithms can process
incoming CT scans with minimal latency and
designate studies exhibiting a high likelihood of
ICH, elevating their priority within the
radiologist's interpretation queue. This form of
"active reprioritization" seeks to diminish the
time-to-diagnosis for critical cases, ensuring that
patients  with  potentially  life-threatening
conditions receive expedited attention. Prior
research has demonstrated that Al-based triage
can reduce median wait times for positive cases in
emergency settings.®®

An alternative integration presents Al-
derived findings as a form of "second opinion" or
decision support. This can materialize as a discreet
notification on the display upon accessing a
potentially positive case, or through the
superimposition of Al-generated segmentation
masks or heatmaps onto the CT images to
accentuate areas of concern.®® The objective is
not to replace the radiologist's diagnostic acumen
but to augment it, offering another perspective that
can bolster diagnostic confidence and mitigate the
probability of oversight. For example, a previous
study by Kang et al.®” revealed that assistance
from a deep learning system significantly
enhanced the diagnostic precision of non-expert
interpreters when evaluating brain CT scans, an
effect particularly pronounced when faced with
significant diagnostic uncertainty. This indicates
that Al tools may hold particular value for
clinicians with less specialized training or in
clinical environments where access to expert
neuroradiological opinion is constrained. (Figure
2)

Several commercial Al tools have received
regulatory approval for clinical use in ICH
detection. FDA-cleared platforms such as Aidoc,
Viz.Al, and RapidAI have been deployed in
clinical settings, demonstrating real-world
effectiveness in reducing diagnostic delays and
improving workflow efficiency.®®* A study
evaluating the real-world performance of the
Viz.Al algorithm demonstrated high accuracy for
ICH volume quantification on non-contrast head



CT imaging, supporting its utility in clinical
decision-making.“? However, achieving
successful clinical integration necessitates
meticulous attention to user interface design,
seamless interoperability with existing hospital IT
infrastructures, and a thorough understanding of
the impact on radiologist behavior and workflow
dynamics. The aspiration is to cultivate a
symbiotic interaction because Al amplifies the
radiologist's  capabilities without imposing
additional burdens or disruptions.

Navigating the challenges and charting the
future of Al in ICH detection

Despite the satisfactory performance metrics
reported for Al models in ICH detection, the
progression from a validated research algorithm to
a dependable, broadly accepted clinical instrument
is imposed by substantial challenges. Among the
most important is the need for rigorous and
comprehensive external validation. A significant
proportion of Al models are initially developed
and validated using datasets that are relatively
homogeneous and often sourced from a single
institution. In contrast, the clinical environment is
characterized by extensive heterogeneity

Pathway 1:
Worklist Reprioritization

Incoming

DICOM CT Scans '

Al ICH
Detection
Engine

Continuously analyzes
incoming Non-Contrast
Head CT scans in real-time.

Pathway 2:
“Pop-up” Notification

& Decision Support l

Pathway 3:
Supervision &
Pre-Analysis

AI role in ICH detection

encompassing diverse patient demographics,
variations in CT scanner manufacturers and
models, differences in imaging protocols (slice
thickness, reconstruction algorithms, radiation
dose), and fluctuations in manifestation of
pathologies.*!4?

Consequently, an Al model demonstrating
exceptional performance on one specific dataset
may exhibit a considerable decline in its
effectiveness when applied to data originating
from a different institution or acquired with
different scanner hardware. This underscores the
necessity of evaluating Al models on extensive,
multi-institutional, and diverse datasets that
accurately mirror the complexities of real-world
clinical practice prior to any large-scale
deployment.***Y External validation studies have
revealed that some Al tools demonstrate lower
performance in real-world settings compared to
published literature, with one study reporting a
sensitivity of 75.6% and a specificity of 92.1% in
clinical deployment. > Furthermore, continuous
surveillance of Al performance following clinical
implementation is essential to identify any
potential drift or deterioration in accuracy over
time.“®

Radiologist Worklist

| A7 URGENT: [Patient ID)
P A “heacr-n Flagged for ICH

TR

Al Analysis Panal
Peding- € fetacke

Figure 2. Integration Flow of Al to ICH analysis from Brain CT-scan
(original artwork by the authors)
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Another formidable challenge relates to the
frequently cited "black box" nature inherent to
many deep learning architectures. Although these
algorithms can attain remarkable predictive
accuracy, the underlying logic driving their
decision-making  processes often remains
incomprehensible to human observers. This deficit
in explainability or interpretability can impede
trust and acceptance among clinical practitioners,
who require an understanding of why an Al
system proffers a specific recommendation,
especially in high-stakes diagnostic scenarios such
as ICH.“"*®  Should the system produce
inconsistent results, comprehending its decision-
making pathway is vital for ascertaining the root
cause and implementing preventive measures for
the future. The emergence of explainable Al
(XAI approaches, including attention
mechanisms and gradient-based visualization
techniques, has begun to address this limitation by
highlighting which image regions contribute most
to model predictions.*”

Other significant challenges for the use of Al
in healthcare are ethical and legal challenges. The
ethical and legal landscape surrounding the
deployment of Al in healthcare is equally intricate
and multifaceted. Critical issues include patient
data privacy and security, the potential for
algorithmic bias where Al models might exhibit
differential performance across demographic
subgroups if trained on non-representative data,
and the account of responsibility in instances of
diagnostic errors.®® Previous research has
identified sociodemographic biases in commercial
Al models for ICH detection, with lower
performance observed in certain patient
populations, highlighting the urgent need for
diverse training datasets and systematic bias
assessment before clinical deployment.5) These
concerns necessitate careful establishment of clear
regulatory frameworks and guidelines to oversee
the development, validation, and clinical
application of Al systems.

Looking forward, the role of Al in ICH
detection is anticipated to evolve beyond
simplistic binary classification. There is a
burgeoning emphasis on developing Al models
that are proficient in more detailed analytical
tasks, such as precise localization and
segmentation of hemorrhagic lesions, volumetric
quantification = of hematoma  size, and
classification of ICH subtypes.®>** Additionally,
Al-based prognosis prediction models are being
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developed to predict functional outcomes and
mortality in ICH patients, integrating clinical
variables with imaging features to support clinical
decision-making.®? The study by Matsumoto et
al.,®® which investigated the application of
transfer learning for ICH detection in postmortem
CT imaging, exemplifies the potential for Al
utilization in specialized fields such as forensic
medicine. Sustained collaboration among
radiologists, computer scientists, biomedical
engineers, and ethicists will be indispensable for
fostering innovation and ensuring that Al
technologies are developed and implemented in a
manner that maximizes patient benefit while
minimizing potential risks.

Despite its comprehensive scope, this review
is subject to several limitations that should be
acknowledged, such as various deep learning
architectures employed in the studies, which may
produce different outcomes. Moreover, different
inclusion criteria of the subjects in the studies may
also influence the results. The different integration
approaches in the studies should also be
highlighted as it shows distinct consequences.

Artificial intelligence research in ICH spans
a spectrum from exploratory retrospective model-
development studies—which remain the most
prevalent—to externally validated predictive
models, and, in rare instances, prospective clinical
evaluations or real-world implementations.
However, successful generalization requires
careful validation against domain-specific data
heterogeneity, imaging protocols, and outcome
definitions. Prospective multicenter studies
evaluating the portability of ICH-trained models
to other hemorrhagic or space-occupying
lesions—and vice versa—will be essential to
establish robust, cross-disease Al platforms. Such
efforts align with the broader vision of a learning
healthcare system, where Al continuously refines
its performance.

CONCLUSION

The integration of artificial intelligence (Al)
into the field of neuroimaging for the detection of
intracranial hemorrhage represents a paradigm
shift with profound implications for patient care.
The ability of Al to rapidly analyze imaging and
provide objective second opinions can
significantly enhance diagnostic efficiency,
reduce turnaround times, and mitigate the risk of
human error, particularly in high-pressure, high-



volume emergency settings. However, the
challenges of ensuring generalization through
external  validation across diverse and
heterogeneous  real-world  datasets remain
paramount.
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