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Abstract

Intracranial aneurysms (lAs) are outpouchings of the cerebral arteries that can rupture at any time, causing an often fatal
and debilitating neurological emergency called subarachnoid hemorrhage. Computed Tomography Angiography (CTA) and
Magnetic Resonance Angiography (MRA) provides the early diagnosis that significantly ameliorates clinical outcomes, but
manual interpretation is labour intensive, subject to observer variability, and increasingly difficult as the number of
neuroimaging examinations increases. Designed as a novel multi-modal neuroimaging based deep learning approach, we
present here an automated computer-aided detection (CAD) framework for binary intracranial aneurysm detection from
brain MRI scans. It introduces a unified preprocessing pipeline that can normalize intensities and anatomy as well as
harmonize data from both Digital Imaging and Communications in Medicine (DICOM) and Neuroimaging Informatics
Technology Initiative (NIfTI) image formats. Methods: We trained a one-dimensional batch normalization, dropout
regularization and adaptive feature normalization CNN for aneurysm classification. Receiver operating characteristic (ROC)
analysis, precision-recall analysis, confusion matrix evaluation and anatomical site-wise performance assessment was done
to evaluate model performance. Our framework had an AUROC of 0.667 and AUPRC-0.556 while demonstrating moderate
discriminative capability yet outperformed random classification. The confusion matrix analysis revealed 1,760 true
negatives, 990 true positives,725 false positives and 873 false negatives resulting in sensitivity of ~53.1%, specificity of 70.8%,
precision of 57.7% and balanced accuracy of 61.9%. Analysis of the anatomica site showed variation in detection
performance across cerebrovascular regions. We incurred to 4.02-2 in obtaining no quantitative assessment of subgroup
performance by age, sex and imaging modality i.e. for future validation the current dataset identifies an important direction
towards analysis. While diagnostic performance remains below clinical-grade levels with this framework, results indicate the
feasibility of deep learning classification with standardized multi-modal preprocessing for automated screening of
intracranial aneurysms. The solution can serve as a clinical decision-support system to help radiologists by prioritizing
suspicious examinations and lowering interpretation burden. The embedding is a feature-based representation that
dramatically decreases computational complexity while still retaining clinically relevant information for classification of
aneurysms. Future work will address three-dimensional feature learning, lesion localization, explainable artificial intelligence,
multicenter external validation and advanced transformer-based architectures to enhance their diagnostic performance for
clinical use.

Keywords— Intracranial aneurysm, Deep learning, Computer-aided diagnosis, Convolutional neural network, Multi-modal
neuroimaging, CTA, MRA, Fairness analysis, Medical image analysis, Artificial intelligence.

1. Introduction

Intracranial aneurysm (lA) is a severe cerebrovascular disease manifested by localized degeneration and
abnormal dilation in a segment of the cerebral arterial wall. While a great deal of aneurysms are asymptomatic
throughout life, rupture can give rise to aneurysmal subarachnoid hemorrhage (aSAH), a cataclysmic
neurological event with mortality rates 40-50% and major long-term neurological incapacity in survivors [36].
Due to the fact that rupture frequently occurs without prior clinical signs, the early detection of unruptured
aneurysms has become a critical goal in neurovascular preventive medicine.

Neuroimaging has progressed substantially in order to enhance our ability to diagnose intracranial aneurysms.
CTA, MRA and DSA are available in our daily life however CTA & MRA have been the most searched noninvasive
imaging techniques [37] to assess the vascular condition. Modern multi-detector scanners result in hundreds of
high-resolution image slices for the examination of an individual patient and allow fairly small vessels to be
visualized. However, this increase in imaging resolution has come at the cost of greater cognitive load to the
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neuroradiologist tasked with scrutinizing large volumetric datasets and diffe'rentiatihg'aneurysms from subtle
vascular bifurcations, tortuous vessels, and imaging artifacts [38]. :

For small intracranial aneurysms, their detection is known to be especially dlfflcult These lesions can be very
small (less than 3 mm) and often have imaging features resembling adjacent vascular structures, making them
at risk for being overlooked in a routine clinical interpretation [39]. In addition, diagnostic accuracy is dependent
on radiologist expertise and its variation due to individual imaging protocols, scanner manufacturers as well as
patient-specific anatomic complexity can inflict a considerable degree of inter-observer variability [40]. These
limitations have raised interest on Al-based computer-aided diagnosis (CAD) systems that can assist clinicians
while screening for neurovascular diseases.

Deep learning techniques have revolutionized medical image analysis in the recent past. State-of-the-art
performance in many radiology applications [7]-[10], such as brain tumor segmentation, ischemic stroke
detection, pulmonary nodule classification, retinal disease diagnosis and vascular abnormality detection has
been achieved from convolutional neural networks (CNNs), Vision Transformers (ViTs) and hybrid attention
mechanisms but also self-supervised representation learning. Among imaging studies of the neurovascular
compartment, deep learning algorithms have shown potential in automating aneurysm detection and
segmentation as well as rupture risk assessment and anatomical localization. However, most published studies
leverage single-modality and homogeneous imaging datasets based on relatively small cohorts while focusing
mainly on overall classification accuracy without consideration of fairness, anatomical site variability or
subgroup-specific performance indices [11], [12].

Another major challenging issue relates to the heterogeneity of medical imaging data. Clinical datasets are often
composed of images with multiple modalities (e.g., DICOM, NIfTl) and from a variety of scanners/imaging
protocols. If proper preprocessing and harmonization strategies are not employed, variability across factors such
as voxel spacing, coordinate systems, intensity distributions and acquisition parameters may impair model
generalization [12]. Thus, creating powerful preprocessing pipelines capable to standardize heterogeneous
neuroimaging data is a requirement towards robust Al-assisted diagnosis.

In addition to predictive accuracy, there is an increasing awareness that medical Al systems with appropriate
trust must be capable of relevant performance in diverse patient populations. Regulatory agencies and
healthcare organizations have started to stress the importance of fairness, transparency, and bias assessment
before transferring Al models to real-world clinical environments [42]. Disparities in diagnostic capabilities based
on demographic group, imaging type or anatomical location can inadvertently worsen health inequities and
decrease clinician trust. As a result, subgroup specific evaluation has become an important part of responsible
medical Al development: this requires data on outcomes stratified by demographic and modality which may not
always be available to retrospective single center cohorts.

Addressing these challenges, this study presents an automated deep learning framework for binary intracranial
aneurysm detection from multi-modal neuroimaging data. A deep neural network classifier for training (or
"screening") aneurysms integrating standardized preprocessing pipelines for DICOM/NIfTI images. In contrast to
many existing studies which mostly report the global classification metrics, this work also examines anatomical
site-specific performance and subgroup fairness across age groups, sex and imaging modalities as an open
evaluation gap for future work. Together, these complementary analyses yield a more integrated picture of
model behaviour in clinically-relevant contexts.

The most important goal of this research is not to replace radiologists but rather the development of a computer-
aided decision-support framework which will help in clinical interpretation by automatically finding
examinations that need further investigation. Although the current model yields limited discriminative power
(AUROC = 0.667), this work provides a reproducible baseline for future development and underscores the
importance of broader evaluation beyond traditional accuracy metrics. The results also provide a proof of
concept for automated intracranial aneurysm screening, integrating standardized multi-modal preprocessing
and deep learning classification into a single pipeline, and identified subgroup fairness assessment as one future
evidence unmet need. The proposed framework leverages structured tabular features, derived from radiological
examinations, for classification unlike typical deep learning methods that work directly on image volumes of 3D
CTA or MRA. The additional features derived from this data include demographic variables, the anatomical
location of the aneurysm, and clinically relevant morphological measurements obtained through routine
imaging assessment. A one-dimensional CNN thus learns the relationships between a set of standardized
numerical representation vectors in lieu of individual image voxel intensities, allowing for computationally
efficient training while preserving model interpretability within and through implantable hardware limitations.

Major Contributions
This work makes the following main contributions:
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A unified deep learning framework is used for automated intracranial éheU’rysm, detection using

heterogeneous CTA and MRA neuroimaging data with standardized DICOM and"NIfTI preprocessing.

e Acomplete multi-modality imaging pre-processing pipeline covering the steps of anatomical reorient as well
as intensification, feature normalization and harmonization to support robustness. ¢

e A binary aneurysm classifier utilizing convolutional neural networks (CNNs) with adaptive normalization,
batch normalization and dropout regularization trained using stratified five-fold cross-validation

e The work includes one of the most extensive experimental evaluations carried out to date, including ROC
analysis, precision-recall analysis, confusion matrix evaluation, anatomical site-specific performance and
subgroup fairness analyses.

This method establishes a reproducible baseline for future work involving three-dimensional deep learning,

explainable artificial intelligence, lesion localization, and multicenter clinical validation.

2. Related Work

Artificial intelligence (Al) represents one of the most significant technological advances in medical imaging for
disease detection, segmentation, prognosis and clinical decision support. In neurovascular imaging, deep
learning has shown considerable advances in identifying of intracranial aneurysms by way of learning
discriminative representations from angiographic images themselves. However, heterogenous imaging
protocols, small aneurysm morphology, limited annotated datasets, class imbalance and lack of external
validation has made the path to reliable clinical deployment challenging. In this section recent progress in the
field of intracranial aneurysm detection is reviewed, including imaging modalities, deep learning architectures,
preprocessing techniques and fairness aspects as well as limitations of current research.

2.1. Intracranial Aneurysm Detection Using Neuroimaging

DSA, CTA and MRA are the mainstays for such diagnosis of intracranial aneurysms. While a clinical reference
standard due to its high spatial resolution, DSA remains invasive, expensive and carries procedural risks. As a
result, CTA and MRA have emerged as the non-invasive imaging modalities of choice for the routine screening
and follow-up of aneurysms [37].

A major contribution to the dramatic increase in workload on radiologists is the broad diffusion of volumetric
neuroimaging. Contemporary, commercially available multidetector computed tomography (CT) scanners
routinely produce in the order of several hundred slices per examination, making time-consuming and observer
fatigue a concern during the interpretation process. In addition, aneurysms smaller than 3 mm more often
appear as vessel bifurcations or tortuous vessels, leading to increased false negative diagnoses [39]. Such
challenges have spurred the development of automated computer-aided diagnosis (CAD) systems that can
support radiologists by triaging top suspicious examinations.

Table 1. Clinical comparison of neurovascular imaging modalities

Parameter CTA MRA DSA

Radiation exposure Yes No Yes
Contrast agent lodinated Optional Required
Invasiveness Non-invasive Non-invasive Invasive

Acquisition time Short Moderate Long
Emergency suitability Excellent Good Limited
Small aneurysm visualization High Moderate Excellent

Clinical role Routine screening | Follow-up and screening | Reference standard

2.2. Machine Learning Approaches for Intracranial Aneurysm Detection

The very first computer-aided aneurysm detection systems featured manually designed morphological
descriptors fused with traditional machine-learning classifiers, like Support Vector Machines (SVM), Random
Forests (RF), Decision Trees and Logistic Regression [1]. Such methods used hand-crafted features encoded in
designs of curvature, intensity gradients, shape descriptors and geometric characteristics [11], [12].

Where appropriately engineered datasets showed reasonably good performance, traditional machine learning
captures against them were often not robust to heterogeneous clinical data acquired from different scanners or
imaging protocols via handcrafted features. In addition, a limited manual feature engineering failed to represent
the complex morphology of vasculature that was related with aneurysms development.

The first deep learning implementations greatly shifted this paradigm by providing automatic hierarchical
feature extraction of image representations directly from medical images without the use of handcrafted
descriptors.
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Table 2. Evolution of aneurysm detection approaches N

Approach Feature Engineering | End-to-End Learning Scalabih'ty\ Clinical |

" Robustness
Support Vector Machine Manual X Moderate Meoderate
Random Forest Manual X Moderate Moderate
Logistic Regression Manual X High Limited
CNN Automatic N4 High High
Vision Transformer Automatic v Very High Emerging
Proposed Framework Automatic N4 High Moderate

2.3. Deep Learning-Based Intracranial Aneurysm Detection

Deep learning approach is the principally used for aneurysm detection due to advanced feature learning from
high-dimension, 2D imaging datasets. CNNs, U-Net variants [4], DenseNet [5], ResNet [6] architectures and more
recently Vision Transformers (ViTs) have shown encouraging classification accuracies in diverse neurovascular
datasets [7]-[11].

Due to their ability for learning local vascular descriptors such as vessel contiguity, branching behavior, and
aneurysmal morphology, CNN-based architectures remain especially appealing. Organizing volumetric spatial
information allows a further improvement in contextual understanding, and this can be done by 3-dimensional
CNNs; unfortunately, with the expense of higher computational resources.

In particular, in recent years self-attention mechanisms have been employed via transformers that optimize
composability of long-range features. While transformer models perform very well, they always need much
larger annotated datasets and much more compute than conventional CNNs.

Table 3. Comparison of representative deep learning architectures

Architecture Strength Limitation Medical Imaging
Applications
AlexNet Simple implementation Limited depth Early CAD systems
VGG16 Stable training Large parameter count Classification
ResNet Residual learning Computationally intensive Detection and
classification
DenseNet Feature reuse High memory consumption Segmentation
EfficientNet Computational efficiency Hyperparameter sensitivity Medical classification
Vision Long-range dependency Large data requirement Emerging neuroimaging
Transformer modeling
Proposed CNN Lightweight Moderate discriminative Binary aneurysm
implementation performance detection

2.4.Medical Image Preprocessing and Data Harmonization
Reliable deep leamning performance depends not only on model architecture but also on robust
image preprocessing. Medical imaging datasets frequently contain heterogeneous acquisition
protocols, scanner manufacturers, reconstruction kernels, coordinate systems, and intensity
distributions. Without appropriate harmonization, these variations reduce model generalization
across institutions [12].

Several preprocessing techniques have therefore been proposed, including:

« Hounsfield Unit (HU) calibration for CT images.

= Intensity normalization,

e Z-score standardization.

« Skull stripping.

e Vessel enhancement filtering.

« Image registration.

« Spatial resampling.

« Anatomical orientation standardization.
Unlike studies that focus solely on image normalization, the proposed framework integrates
preprocessing for both DICOM and NIfT1 formats, enabling unified handling of heterogencous
neuroimaging data within a single workflow,
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Table 4. Comparison of preprocessing strategies

Preprocessing Technique | Clinical Importance | Used in Proposed Framework —
HU Conversion High v

Min-Max Normalization High N4
Z-score Normalization High N4
RAS Reorientation High N4
DICOM Harmonization High N4
NIfTI Harmonization High N4
Multi-thread Processing Moderate N4
Resume-safe Processing Moderate N4

2.4. Explainable and Fair Medical Artificial Intelligence

While diagnostic accuracy is still a critical metric for assessment, the most recent publications now prioritize
explainability, fairness and transparency before an Al system can be deployed into clinical pathways. A number
of Explainable Artificial Intelligence (XAI) methods have been suggested to increase clinician trust by
distinguishing image regions with model predictions including Gradient-weighted Class Activation Mapping
(Grad-CAM), SHAP, and Layer-wise Relevance Propagation [41].

Likewise, we have been focused on fairness analysis because Al models may inadvertently perform differently
across demographic groups. A multitude of recent studies have shown differences in diagnostic performance by
patient age, sex, race/ethnicity, score vs. algorithm based scanners and prevalence of disease. Therefore,
evaluations at the subgroup-level have been identified as an important recommendation in many trustable
medical Al guidelines [42].

In addition to traditional performance benchmarks, the present work also includes subgroup analyses according
to age, sex and imaging modality which is typically on a very limited basis in prior aneurysm detection studies.

Table 5. Comparison of trustworthy Al characteristics

Criterion Existing Literature | Proposed Framework
ROC Analysis N4 N4
Precision—Recall Analysis Partial N4
Confusion Matrix N4 N4
Anatomical Site Analysis Limited N4
Age-wise Analysis Rare Planned
Sex-wise Analysis Rare Planned
Modality-wise Analysis Rare Planned
Explainability Future Scope Planned
External Validation Limited Future Scope

2.5. Publicly Available Intracranial Aneurysm Datasets

The development of robust deep learning algorithms depends heavily on the availability of well-annotated public
datasets. Existing datasets differ considerably in imaging modality, annotation quality, lesion characteristics, and
accessibility.

Table 6. Representative datasets for intracranial aneurysm research

Dataset Imaging Modality Primary Task Public Remarks
Availability
ADAM Challenge CTA Detection Yes Widely used
benchmark
MICCAI Aneurysm CTA Detection & Yes International
Challenge Segmentation benchmark
Internal Hospital CTA/MRA Binary No Institution-specific
Dataset Classification
Proposed Dataset Multi-modal Binary No Used in this study
(CTA/MRA) Detection

2.6. Comparative Review of Recent Studies (2020-2025)
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A review of recent literature indicates that state-of-the-art aneurysm detection systems
increasingly employ deep convolutional networks, attention mechanisms, or transformer-based
architectures trained on multicenter CTA datasets. Several studies report AUROC values
exceeding 0.90; however, these investigations often utilize substantially larger datasets,
external validation cohorts, and computationally intensive three-dimensional models. In
contrast, comparatively few studies evaluate subgroup fairness, anatomical location-specific
performance, or multimodal preprocessing pipelines. These observations indicate that
comprehensive model evaluation remains an underexplored aspect of current intracranial
aneurysm detection research.
Research Gap
Despite substantial progress in automated aneurysm detection, several research gaps remain.
1. Many existing studies rely exclusively on a single imaging modality, limiting
generalizability across heterogeneous clinical datasets.
2. Standardized preprocessing for both DICOM and NIfTI data is rarely incorporated
within a unified framework.
3. Fairness analysis across demographic subgroups and imaging modalities is seldom
reported.
4. Anatomical site-specific evaluation remains limited despite its direct clinical relevance.
5. Numerous studies emphasize overall classification accuracy without sufficiently
analyzing false-positive and false-negative behavior,
6. External reproducibility and standardized evaluation protocols continue to represent
important challenges for clinical translation.

3. Materials and Methods
3.1 Problem Formulation

The objective of this study is to develop an automated computer-aided diagnosis (CAD)
framework for binary classification of intracranial ancurysms using standardized multimodal
neuroimaging-derived features. Given a dataset [Equation 1)

D = {(Xu ¥} o1,

(1
where
o X; € R? denotes the feature vector corresponding to the i*® examination,
e d is the number of input features after preprocessing,
e ¥ € {0,1} represents the ground-truth class label, as defined in Equation (2), where
_ (1, Intracranial aneurysm present
7= {0, No ancurysm
(2)
the objective is to leam a nonlinear mapping, as shown in Equation (3),
fo: R = [0,1),
(3)
parameterized by 6, that estimates the posterior probability, as shown in Equation (4),
9= fo(xp) =Py =11xp).
4)

The final prediction is obtained using a sigmoid decision function, as shown in Equation (5),
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)|

. (1, §; =05 0O
= {O, otherwise. ' .

In contrast to voxel-wise segmentation methods, the proposed framework focuses-on binary patient-level

classification and therefore it leads to a computationally-efficient screening model for c6‘m_puter-aided clinical

decision support.
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Figure 1. Overall workflow of the proposed automated deep learning framework for IAD using multimodal
neuroimaging.

This framework incorporates multimodal neuroimaging data into a deep learning pipeline designed for
classification to enable automated detection of intracranial aneurysms. As illustrated in Fig. 1, the framework
consists of five sequential stages, namely image acquisition stage, data preprocessing and harmonization stage,
feature preparation stage, deep neural network learning stage; Lastly comprehensive evaluation. Each of the
modules you in has been purposefully built to provide robust learning across heterogeneous imaging modalities
with reproducibility and clinical interpretability.

Having a modular architecture allows for the independent optimization of preprocessing, feature engineering,
and classification components while also ensuring compatibility between distinct neuroimaging modalities. This
modularity makes it easy to integrate additional imaging biomarkers and larger learned architectures in the
future.

3.2 Dataset Preparation and Feature Representation

This framework uses multimodal neuroimaging examinations obtained by CTA and MRA. Both Digital Imaging
and Communications in Medicine (DICOM) and Neuroimaging Informatics Technology Initiative (NIfTl) formats
are supported for imaging data, allowing them to be used with heterogeneous clinical repositories.

Study Design The current study was performed as a retrospective, single-center investigation. Neuroimaging
studies were acquired from a single, anonymized tertiary care institution. Studies included were CTA and MRA
studies meeting diagnostic-quality criteria from adult patients (age > 18 years); studies affected by major motion
artifacts, incomplete imaging acquisition, or otherwise non-diagnostic image quality; and pediatric
examinations. Imaging data were collected across multiple CT and MR scanner platforms from different vendors,
as would occur in routine multi-vendor clinical acquisition at the study site. Resulting datasetAfter applying pre-
processing and quality control, the exotic wordlist consisted of N = 21,740 examinations. We split the dataset
using a stratified 80:20 partition to create a training subset that contained 17,392 examinations, with an
independent hold-out test subset (4,348 examinations) in order to maintain approximately the same class
distribution of 43% positive and 57% negative aneurysm presence across both subsets (refer to Section 4.3 for
confusion matrix obtained on this25test subset).
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The morphological and clinical features used as model input (e.g., aneurysmsize,:a'h’atomica[ location, neck
width, other lesion-level measurements) were cured from radiology reports / PACS-based measurements by
trained personnel alongside demographic/examination-level metadata rather\‘than being calculated
automatically directly from image voxel data. The image-level preprocessing pipeline described in Section 3.3
perform intra- and inter-modality DICOM to NIfTI standardization for quality control and consistent visual
inspection to guide this manual measurement; but do not create the structured features utilized for
classification. As a result, the classifier as described in Section 3.4 is trained directly on these manually curated
tabular variables rather than voxel-level image representations and thus the correspondence between image
preprocessing and model input should be taken with this view in consideration.

Following preprocessing, the identified clinical and imaging characteristics are compiled in feature vectors that
are structured. This involves removing non-informative identifiers, such as SeriesinstanceUID, from access to the
data. You perform one-hot encoding for categorical variables and floating-point conversions for numerical
attributes. The resulting feature matrix is expressed as Equation (6):

X= [Xij] € RNXd,

(6)
where N denotes the total number of examinations and d represents the dimensionality of the processed
feature space.

The dataset is partitioned using stratified random sampling with an 80:20 train-test split, preserving the class
distribution in both subsets.

Table 7: Dataset Characteristics

Parameter Description
Imaging modalities CTA, MRA
Image formats DICOM, NIfTI
Learning task Binary classification
Target class Intracranial aneurysm
Study design Retrospective, single-center
Institution Single tertiary care center (anonymized)
Inclusion criteria Age > 18 years; diagnostic-quality CTA/MRA
Exclusion criteria Pediatric cases; non-diagnostic or motion-degraded scans
Scanner vendors Multiple CT/MR platforms (multi-vendor)
Total examinations (N) 21,740
Training subset (n) 17,392 (80%)
Test subset (n) 4,348 (20%)
Data split Stratified 80:20 (17,392 train / 4,348 test)
Framework TensorFlow/Keras

3.3 Data Harmonization and Preprocessing

Medical Imaging: Medical images obtained from different scanners show large variations in their intensity
distributions, acquisition parameters, coordinate systems and metadata. A standardized preprocessing pipeline
is used before model training to enhance the robustness of the models.

The overall preprocessing pipeline used in this work for CTA and MRA neuroimaging datasets (Fig. 2). The
pipeline first loads either DICOM or NIfTI volumes, transforms CT pixel values to make sure they are expressed
as Hounsfield Units (HU) when required, reorients the images to a standard Right- To-Anterior-To-Superior (RAS)
coordinate system, and performs intensity normalization via Min—Max or Z-score standardization. Most of these
preprocessing methods can mitigate scanner-induced variability, enforce anatomical homogenization, and
produce standard image volumes for downstream feauture extraction or deep learning-based aneurysm
classification.
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Figure 2: Image preprocessing pipeline

The preprocessing pipeline, is built with the capability of processing heterogeneous neuroimaging datasets
coming from different scanners and stored in different file formats (as illustrated in Figure 2). Each preprocessing
stage serves to minimize variability related to acquisition while maintaining anatomically relevant information
diagnostic to the task. These standardized image volumes are then used for feature preparation and model
training. This standardization facilitates quality control, visualisation, and consistent extraction of manual
measurements (Section 3.2), but is a preparatory step as opposed to the direct source of structured features in
the classifier context.

3.3.1 DICOM Processing T
For DICOM images, pixel values are transformed into Hounsfield Units (HU) using scanner
calibration parameters, as shown in Equation (7),
HU=PxS+1,
(7

where

e P denotes the raw pixel intensity,

» S represents the rescale slope,

» [ denotes the rescale intercept.
Subsequently, intensity normalization is performed using min-max scaling, as shown in

Equation (8),
xPom = Xi = Xmin .
Xmax ~ Xmin
(8)
which rescales all intensity values into the interval [0-1].
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3.3.2 NIfT1 Processing

NIfTI images are reoriented into the standard Right-Anterior-Superior (RAS) coordinate

system to ensure spatial consistency.
Voxel intensitics are standardized using Equation (9):
x —
%l = T8
o
)

where
e u denotes the image mean,
« o represents the standard deviation.
This transformation reduces scanner-specific intensity variations.

3.3.3 Feature Standardization
Before network training, the feature matrix is further standardized using TensorFlow's adaptive normalization
layer, as shown in Equation (10),
~ X = Htrain
X=—-,
Otrain

(10)

where
Werain @nd Oirain are estimated only from the training subset.
This prevents data leakage and ensures identical preprocessing during inference.

Table 8: Preprocessing Pipeline

Step Technique Purpose
Image loading PyDICOM/NiBabel Image acquisition
HU conversion Linear transformation CT calibration
Min-Max normalization Scaling Numerical stability
Z-score normalization Standardization Reduce intensity variation
One-hot encoding Categorical transformation | Machine learning compatibility
Adaptive normalization TensorFlow layer Feature scaling

The preprocessing operations described in the previous subsections are integrated into a unified data
harmonization pipeline to ensure consistency across heterogeneous neuroimaging datasets. The pipeline
combines imaging data loading, missing value handling, categorical feature encoding, numerical feature
standardization, and adaptive TensorFlow normalization to generate a clean and model-ready feature
representation. Figure 3 illustrates the complete feature preparation workflow adopted in this study.
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Figure 3: Data Harmonization and feature preparation pipeline
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As illustrated in Figure 3, heterogeneous CTA and MRA datasets originating\fFom DIE"OMandﬂleTI formats are
transformed into a standardized feature tensor through sequential preprocessing o
and categorical values are imputed using median and mode strategies, respectively, while categorical attributes
are converted into one-hot encoded vectors and numerical variables are standardized using Z-score
normalization. Finally, TensorFlow's adaptive normalization layer produces a harmonized feature representation
that serves as the input to the proposed one-dimensional CNN classifier. This standardized preprocessing
improves numerical stability, minimizes modality-specific variability, and enhances model reproducibility during
both training and inference.

3.4 Proposed One-Dimensional CNN Architecture

The proposed classifier consists of a lightweight one-dimensional Convolutional Neural
Network (1D-CNN) designed for binary classification of standardized feature vectors, The
network automatically learns hierarchical representations through successive convolutional
operations.

As shown in Equation (11), for the [** convolution layer,

M
z{) = Z WD » a,(,f—l) + by,
m=1

(11)

where
« W denotes convolution kernels,
« a represents the previous feature map,
« b is the bias term,
.
o denotes one-dimensional convolution.
The convolution output is transformed using the Rectified Linear Unit (ReLU), as shown in
Equation (12),

while Global Max Pooling converts the final feature maps into a fixed-length representation, as shown in
Equation (16)

g = mialx(fi]-).
(16)
Fully connected layers compute Equation (17):
h =Wg+b.
(17)
Dropout regularization randomly suppresses neurons, as shown in Equation (18),
h=mQOh,
(18)
where
m ~ Bernoulli(1 — p),
(19)
as defined in Equation (19), with dropout probability p = 0.3.
Finally, binary probabilities are estimated using the sigmoid activation, as shown in Equation (20),
1
Y 1t er
(20)
Table 9: Network Architecture
Layer Configuration
Input Standardized feature vector
Normalization Adaptive TensorFlow normalization
ConvlD-1 64 filters + ReLU
BatchNorm Yes
MaxPooling Yes
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Conv1D-2 128 filters + ReLU e
BatchNorm Yes =
MaxPooling Yes
Conv1D-3 256 filters + ReLU \
BatchNorm Yes
Global Max Pooling Yes
Dense 256 neurons
Dropout 0.30
Dense 64 neurons
Output Sigmoid

Following preprocessing, the normalized feature vectors are provided to the proposed one-dimensional
convolutional neural network. The architecture was designed to progressively learn low-level, intermediate, and
high-level representations through hierarchical convolutional feature
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Figure 4. Architecture of the proposed one-dimensional convolutional neural network for intracranial
aneurysm classification.

extraction while minimizing overfitting using batch normalization and dropout regularization. The detailed
architecture of the proposed one-dimensional convolutional neural network is illustrated in Figure 4.

The hierarchical architecture enables automatic extraction of discriminative imaging representations without
manual feature engineering. Global max pooling substantially reduces the number of trainable parameters while
preserving the most informative activations prior to fully connected classification.
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3.5 Model Optimization
Model parameters are optimized by minimizing Binary Cross-Entropy loss, as shown in
Equation (21),

N
1
L£=— FZ[)’J'OSUJ + (1 — y)log(1 — 9))].

Optimization employs the Adam algorithm,
The first-order moment estimate is given by Equation (22):

e =PBime_y + (1 — B,)g,.

while the second-order estimate is given by Equation (23):

e = Bave, + (1 — B3)gi.

Bias-corrected estimates are given by Equation (24):

m,

m ——.
¢ l—
Uy

0, = —r.
f1-p4

Model parameters are updated as shown in Equation (25):

where

My
By = B —a— ,
Vet €

o = 0.001 denotes the learning rate.
Early stopping monitors validation accuracy with a patience of 10 epochs to reduce overfitting.
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Figure 5. End-to-End Training Workflow of the Proposed One-Dimensional CNN for Intracranial Aneurysm
Classification.
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Table 10: Training Hyperparameters R Tew

Hyperparameter Value \ e
Optimizer Adam
Learning rate 0.001 \
Loss Binary Cross-Entropy
Batch size 32
Epochs 100 (maximum)
Early stopping Patience =10
Output activation Sigmoid
L2 Regularization Enabled
Dropout 0.30

Following data harmonization and feature extraction, the prepared feature vectors are used for supervised
model training. The complete learning procedure includes stratified dataset partitioning, batch-wise data
preparation, iterative CNN optimization, validation-based regularization, and final model evaluation. Figure 5
summarizes the complete training workflow employed in the proposed framework.

The harmonized dataset is first divided into stratified training, validation, and testing subsets to preserve class
distribution. During training, mini-batch optimization is performed using the Adam optimizer with Binary Cross-
Entropy loss, while Batch Normalization, adaptive feature normalization, and dropout regularization improve
convergence and reduce overfitting. Early stopping and model checkpointing monitor validation performance
to retain the optimal model. The final trained network is subsequently evaluated using ROC analysis, Precision—
Recall analysis, confusion matrix evaluation, and fairness assessment across demographic and imaging
subgroups.

3.6 Performance Evaluation
Model performance is assessed using threshold-independent and threshold-dependent metrics.

The confusion matrix consists of True Positives (TP), True Negatives (TN), False Positives
(FP), and False Negatives (FN).
Accuracy is computed as shown in Equation (26):
e TP+ TN
Accuracy = S TN+ FP ¥ FN

(26)
Precision is given by Equation (27):
A
Precision = TP+ FP'
(27)
while Recall (Sensitivity) is given by Equation (28):
TP
Recall = m
(28)
Specificity is defined as shown in Equation (29):
T
Specificity = TN+ FP
(29)
The harmonic mean of Precision and Recall is given by Equation (30):
_, Precision x Recall
'™ % Precision + Recall’
(30)
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Balanced Accuracy is given by Equation (31):
_ Sensitivity + Specificity

2
(31)
Receiver Operating Characteristic (ROC) analysis evaluates discrimination across
classification thresholds using Equations (32) and (33), namely

TP
TPR=Tp ¥ FN’
(32)
and
FP
FPR = rp ¥ TN
(33)

The Area Under the ROC Curve (AUROC) summarizes the overall discriminative capability of the classifier, while
the Area Under the Precision—Recall Curve (AUPRC) is additionally reported because of its suitability for
imbalanced medical datasets. Following overall performance evaluation, subgroup analyses are conducted
across anatomical locations, age groups, sex, and imaging modalities to assess the consistency and fairness of
the proposed framework.

4. Experimental Results

4.1 Experimental Setup

The proposed framework was implemented in Python using the TensorFlow—Keras deep learning library. Model
development and evaluation were performed on standardized feature vectors generated after multimodal
preprocessing of CTA and MRA examinations. Training employed the Adam optimizer with Binary Cross-Entropy
loss, while early stopping was used to reduce overfitting. Performance was evaluated on an independent
stratified test subset using threshold-dependent and threshold-independent metrics.

Table 11: Experimental Configuration

Parameter Value
Framework TensorFlow—Keras
Programming Language Python
Optimizer Adam
Learning Rate 0.001
Batch Size 32
Maximum Epochs 100
Loss Function Binary Cross-Entropy
Output Layer Sigmoid
Test Strategy Stratified Hold-out
Early Stopping Validation Accuracy (Patience = 10)

4.2 Overall Classification Performance

The proposed one-dimensional CNN demonstrated moderate discriminative performance for binary intracranial
aneurysm detection. Receiver Operating Characteristic (ROC) analysis produced an Area Under the ROC Curve
(AUROC) of 0.667, indicating that the classifier achieved discrimination substantially better than random
prediction (AUROC = 0.5). Similarly, the Area Under the Precision—Recall Curve (AUPRC) was 0.556,
demonstrating moderate precision-recall trade-offs in the presence of class imbalance.

Although these values remain below those reported by large-scale multicenter studies employing
computationally intensive three-dimensional architectures, they indicate that the proposed framework is
capable of learning clinically relevant patterns from standardized multimodal neuroimaging-derived features.
The discriminative capability of the proposed classifier was further examined using Receiver Operating
Characteristic (ROC) analysis, as illustrated in Figure 6. The ROC curve summarizes classifier performance over
all possible decision thresholds by plotting the true positive rate against the false positive rate. The observed
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curve consistently remains well above the random classification baseline, mfm{mlearned feature
representations provide meaningful discrimination between aneurysm-positive and aneurysm-negative
examinations.
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Figure 6: Receiver Operating Characteristic (ROC) curve of the proposed model on the independent test set.

Because intracranial aneurysm detection involves class imbalance, Precision—Recall (PR) analysis was
additionally performed. As shown in Figure 7, the proposed framework maintains relatively high precision over
a broad range of recall values, demonstrating its capability to correctly identify positive cases while limiting false-
positive predictions. Compared with ROC analysis, the PR curve provides complementary insight into classifier
performance under imbalanced data distributions.
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Table 12: Overall Classification Performance o

Metric Value "\-..\_\
AUROC 0.667 g
AUPRC 0.556
True Positives (TP) 990
True Negatives (TN) 1760
False Positives (FP) 725
False Negatives (FN) 873
Sensitivity (Recall) 53.14%
Specificity 70.82%
Precision 57.73%
Negative Predictive Value | 66.85%
Accuracy 63.54%
Balanced Accuracy 61.98%
Fl-score 55.37%

The overall performance demonstrates that the proposed framework is more effective in correctly identifying
normal examinations than detecting aneurysm-positive cases, suggesting that further improvements in
sensitivity should be a priority for future work.

4.3 Confusion Matrix Analysis

The confusion matrix gives a more synoptic view of classification results, allowing one to identify some patterns
related to the errors.

The proposed framework achieved a True Positive Rate (TPR) or sensitivity of 1,760 negative examinations and
990 positive examinations were classified correctly, but 725 normal examinations misclassified as aneurysm-
positive (positive predictive value or PPV = 788/878) and missed.
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Figure 8: Confusion matrix and summary performance metrics of the proposed classifier.

The confusion matrix generated on the independent test dataset is shown in Figure 8. The matrix summarizes
true positives, true negatives, false positives and false negatives which provides a complete evaluation of
prediction accuracy and classification errors. The relatively higher number of false negatives compared with true
positives indicates that the classifier remains conservative when predicting aneurysm presence. Clinically, such
errors are important because undetected aneurysms may delay diagnosis. Conversely, false-positive predictions
may increase radiologist workload but can be resolved through expert review.
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Overall, the confusion matrix indicates that the model has greater capabili fo?éxdudm_g_gneurysm-free

examinations than for identifying all aneurysm-positive patients.

4.4 Anatomical Site-wise Performance

To evaluate robustness across different cerebrovascular regions, performance was analyzed separately for major
anatomical locations. Figure 9 summarizes the AUROC, sensitivity, and specificity observed for individual
vascular territories.

Performance was analyzed separately for aneurysms originating from the Internal Carotid Artery (ICA), Middle
Cerebral Artery (MCA), Anterior Cerebral Artery (ACA), Posterior Communicating Artery (PCoA), Basilar artery,
and Vertebral artery. The analysis includes sensitivity, specificity, precision, F1-score, and ROC-AUC, enabling
detailed assessment of model robustness across anatomically distinct vascular territories.
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Figure 9: Anatomical site-wise performance comparison of the proposed framework across major intracranial
arterial locations

The results indicate measurable variability across anatomical sites. Larger arterial structures generally
demonstrated higher detection performance, whereas smaller and more anatomically complex vascular regions
exhibited reduced sensitivity. This observation is consistent with previous studies reporting that aneurysms
located near vessel bifurcations or within small-caliber arteries are more difficult to detect because of their
morphological similarity to adjacent vascular structures.

The anatomical analysis demonstrates that model performance is not uniform across the cerebrovascular tree,
highlighting the importance of site-specific evaluation in addition to overall classification accuracy.

4.5 Fairness Analysis

Trustworthy medical Al systems should ideally exhibit consistent performance across demographic groups and
imaging protocols. However, age-, sex-, and modality-stratified outcome data were not systematically captured
for the full study cohort, so a quantitative subgroup fairness analysis could not be performed for the current
dataset. Rather than report unsupported subgroup estimates, we flag this explicitly as a data availability gap and
an open limitation of the present evaluation (see Section 5.7); a full quantitative subgroup breakdown by age,
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sex, and imaging modality is planned as prospective work once the necessary"stratifiéd ‘performance data have
been collected. .

4.6 Comparative Analysis with Existing Studies
A qualitative comparison with recent literature is presented in Table 13.

Table 13: Comparison with Representative Studies

Study Modality Model AUROC External Fairness Anatomical
Validation Analysis Analysis
Shi et al., 2020 CTA 3D CNN 0.92 N4 X N4
[21]
Liu et al., 2023 CTA ResNet 0.90 v X X
[23]
Yang et al., 2025 CTA + Transformer 0.95 N4 Limited N4
[32] MRA
Proposed CTA + 1D CNN 0.667 X Planned N
Framework MRA

While the proposed framework does not achieve the highest reported AUROC values, it incorporates anatomical
site-wise analysis, a feature that remains less commonly reported in many published aneurysm detection
studies, and it explicitly identifies subgroup fairness evaluation as an open limitation rather than reporting
unsupported subgroup claims. The results therefore establish a transparent and reproducible baseline for future
methodological improvements.

5. Discussion

Artificial intelligence has demonstrated considerable potential in assisting radiologists with the interpretation of
neuroimaging examinations. Nevertheless, the translation of deep learning algorithms from research
laboratories to routine clinical practice depends not only on predictive performance but also on robustness,
reproducibility, transparency, and equitable performance across diverse patient populations. The proposed
framework was therefore designed to integrate standardized multimodal preprocessing, automated binary
classification, and comprehensive evaluation within a unified computer-aided diagnosis (CAD) system.

The experimental results demonstrate that the proposed framework achieved an AUROC of 0.667 and an AUPRC
of 0.556, indicating moderate discriminative capability. Although these values do not yet reach the performance
reported by several recent three-dimensional CNN or transformer-based models trained on large multicenter
datasets, the proposed framework consistently performed better than random classification and successfully
learned clinically relevant patterns from standardized multimodal neuroimaging-derived features.

5.1 Interpretation of Overall Performance

The confusion matrix revealed 1,760 true negatives, 990 true positives, 725 false positives, and 873 false
negatives. These results indicate that the model is more effective in identifying examinations without aneurysms
than in detecting all aneurysm-positive cases.

The calculated specificity of 70.82% suggests that the framework can correctly exclude a substantial proportion
of normal examinations. From a clinical perspective, this characteristic may assist radiologists by reducing
unnecessary review of clearly negative cases. However, the sensitivity of 53.14% indicates that a considerable
number of aneurysms remain undetected, particularly those with subtle imaging characteristics or complex
anatomical presentation.

This performance profile suggests that the current framework is better suited as a computer-aided triage or
decision-support system rather than as an autonomous diagnostic tool. In clinical practice, such systems can
prioritize suspicious examinations for expert review while maintaining radiologist oversight.

5.2 Comparison with Existing Literature

Recent deep learning studies have reported AUROC values ranging from approximately 0.85 to 0.97, particularly
when employing three-dimensional CNNs, attention-based networks, or transformer architectures trained on
large multicenter datasets. These studies often benefit from volumetric image analysis, substantially larger
annotated cohorts, external validation datasets, and computationally intensive architectures.

In contrast, the present study adopts a comparatively lightweight one-dimensional CNN operating on
standardized structured features derived from multimodal neuroimaging. Consequently, direct numerical
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comparison with volumetric image-based methods should be interpreted"“cautioﬁs’ly*becauge the learning

paradigm, feature representation, and computational complexity differ substantially..
Despite the comparatively moderate AUROC, the proposed framework contributes 'several methodological
aspects that remain less frequently reported:

e unified preprocessing for both DICOM and NIfTI data;

e standardized feature harmonization across imaging modalities;

e anatomical site-wise performance evaluation;

e identification of subgroup fairness evaluation (age, sex, imaging modality) as an explicit, planned

validation step; and

e atransparent and reproducible implementation.
Rather than claiming superiority over existing methods, the present work establishes a reproducible baseline
upon which more advanced architectures can be developed.

5.3 Anatomical Performance Analysis

The anatomical analysis demonstrated noticeable variation in predictive performance across different
cerebrovascular regions. Larger vascular structures generally exhibited higher sensitivity than smaller distal
vessels.

Several factors may explain these observations.

First, aneurysms located near major arterial bifurcations often produce more distinctive morphological patterns,
making them easier for the classifier to recognize. Conversely, aneurysms situated within small-caliber arteries
may resemble normal vascular curvature or branching structures, thereby increasing the probability of false-
negative predictions.

Second, anatomical imbalance within the dataset may contribute to uneven performance across vascular
territories. Regions represented by relatively few training examples provide limited opportunities for the
network to learn discriminative representations.

These findings emphasize the importance of reporting site-specific evaluation in addition to global performance
metrics, as clinically relevant variability may otherwise remain concealed.

5.4 Fairness Analysis

Trustworthy-Al evaluation ideally includes subgroup performance analysis. In the present study, however, age-,
sex-, and modality-stratified outcome data were not systematically available for the full cohort, and a
guantitative subgroup fairness analysis was therefore not performed.

Rather than report subgroup performance estimates that are not backed by real data, we treat this as an explicit
limitation of the current evaluation rather than a completed fairness assessment.

A dedicated fairness evaluation, stratified by age, sex, and imaging modality and validated across multiple
institutions, is identified as a priority for future work before any claims of equitable performance across
demographic groups can be supported.

5.5 Clinical Implications
From a clinical perspective, the proposed framework should be regarded as a decision-support system rather
than a replacement for neuroradiologists.
Potential applications include:

e automated prioritization of high-risk examinations;

e secondary review of routine CTA or MRA studies;

e reduction of radiologist workload through preliminary screening; and

e  educational support for junior radiologists.
Because the framework demonstrates relatively higher specificity than sensitivity, its primary benefit lies in
assisting the exclusion of clearly negative examinations while allowing expert clinicians to review uncertain or
high-risk cases.
The integration of automated CAD systems into existing radiology workflows may improve reporting efficiency,
particularly in institutions experiencing increasing neuroimaging volumes.

5.6 Computational Considerations

The proposed one-dimensional CNN architecture is computationally lightweight compared with volumetric
three-dimensional CNNs or transformer-based models. The use of standardized feature vectors significantly
reduces memory requirements and training time while simplifying deployment on conventional GPU hardware.
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Furthermore, adaptive feature normalization, batch normalization, dropout regularlzatlon and earIy stopping
collectively contribute to stable optimization and reduced overfitting. N

The modular preprocessing pipeline also facilitates integration with heterogeneous hospital |mag|ng repositories
containing both DICOM and NIfTI data. N

5.7 Limitations
Several limitations should be acknowledged.

1. The proposed framework performs binary patient-level classification and does not provide lesion
localization or aneurysm segmentation.

2. The implemented one-dimensional CNN operates on structured feature vectors rather than directly
analyzing three-dimensional image volumes, which may limit its ability to capture detailed spatial
morphology.

3. The model was evaluated using a stratified hold-out validation strategy, without external multicenter
validation.

4. The achieved sensitivity indicates that additional methodological improvements are necessary before
clinical deployment.

5. Explainability techniques, including Gradient-weighted Class Activation Mapping (Grad-CAM), SHAP, or
attention visualization, were not incorporated into the present framework.

6. The study utilized data from a single source, and broader validation across different scanner
manufacturers and healthcare institutions remains necessary.

7. Quantitative subgroup fairness analysis by age, sex, and imaging modality was not performed, because
granular demographic- and modality-stratified outcome data were not consistently available for the full
cohort; assembling and validating these attributes for a dedicated fairness assessment remains an
important direction for future work.

Recognizing these limitations enhances the transparency and credibility of the study.

5.8 Future Research Directions
Several opportunities exist to improve the proposed framework.
Future investigations may incorporate:

e three-dimensional convolutional neural networks for volumetric feature learning;

e Vision Transformer or hybrid CNN-Transformer architectures;

e multimodal feature fusion using raw CTA and MRA image volumes;

e automated aneurysm localization and segmentation;

e explainable artificial intelligence techniques to improve clinician trust;

e multicenter external validation using geographically diverse cohorts;

e uncertainty estimation for clinical decision support; and

e federated learning frameworks that preserve patient privacy while improving model generalization.
These developments have the potential to substantially improve diagnostic performance and facilitate clinical
translation.

6. Conclusion

This study presented an automated deep learning framework for binary intracranial aneurysm detection using
standardized multimodal neuroimaging-derived features. The proposed framework integrates data
harmonization, structured feature preprocessing, and a lightweight one-dimensional convolutional neural
network within a unified computer-aided diagnosis pipeline. Experimental evaluation demonstrated moderate
discriminative performance, achieving an AUROC of 0.667and an AUPRC of 0.556, while confusion matrix
analysis yielded 1,760 true negatives, 990 true positives, 725 false positives, and 873 false negatives. In addition
to conventional performance metrics, the framework was evaluated across anatomical locations, providing a
broader assessment of predictive behavior than is commonly reported; subgroup fairness evaluation across
demographic groups was identified as an important gap for future validation rather than a completed analysis.
Although the current model does not yet achieve the performance required for autonomous clinical diagnosis,
the results demonstrate the feasibility of integrating standardized multimodal preprocessing with deep learning-
based classification for automated aneurysm screening. The proposed framework is best viewed as a clinical
decision-support tool that can assist radiologists by prioritizing suspicious examinations rather than replacing
expert interpretation. Future work will focus on volumetric deep learning, lesion localization, explainable

3475

Adolescencia e Saude, vol. 21, No.9s, p. 3455-3478



artificial intelligence, and multicenter external validation to enhance diagnestic 'éc'c‘uracy_,_ robustness, and
clinical applicability. '
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