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The detection and segmentation of cerebral aneurysms is a crucial step in the development of a clinical
decision support system for estimating aneurysm rupture risk. However, accurately identifying and
segmenting regions of interest in 2D medical images is often challenging, particularly when using deep
learning (DL) methods on small datasets with limited annotated data. The accuracy of DL approaches

is often a [ecked by the availability of large, annotated training datasets that are required for e [eckive
deep learning. Additionally, when using DL to di Cerentiate aneurysms from arterial loops in 2D DSA
images, DL can fail to detect aneurysms in areas where dye concentration is low. To address these
issues and enhance the reliability and accuracy of aneurysm detection and segmentation methods,
incorporating medical expert-advised, hand-crafted features can provide a clinical perspective to
DL methods. This approach can help to improve the performance of DL methods by providing
additional information that is not captured in the data. To this end, a novel Neuro-symbolic Al-based
Deeplnfusion model is proposed which allows for the infusion of human intellect through hand-crafted
features into deep neural networks (DNNSs), thus combining the strengths of DL with the knowledge
and expertise of medical professionals. The proposed approach includes a novel technique for dynamic
layer selection and feature weight adjustment during the model infusion process. The performance
of the Deeplnfusion model is evaluated on an in-house prepared dataset of 409 DSA images, and
experimental results demonstrate the e Lectiveness of the proposed method for the segmentation of
cerebral aneurysms. The model achieves an accuracy of 99.98%, an F1-score of 93.23%, and an IOU-
score of 96.02% on unseen DSA images. The model is also tested on two publicly available datasets of
Kvasir-SEG polyp and DRIVE for vessel segmentation of retinal images. The results show a significant
improvement compared to existing methods, which indicates the generalizability of the approach in
medical segmentation. The complete code for Deeplnfusion is available on our Github repository at
https://github.com/smileslab/deep- infusion/blob/main/deepinfusion.ipynb.

1. Introduction

A cerebral, or intracranial, aneurysm is the focal dilation
of an artery of the brain, resulting from a weakening of
the interior muscular layer in the arterial wall. Accurate
detection and segmentation of aneurysms is crucial in order
to make informed decisions regarding clinical management
[1]. Both invasive and non-invasive image methods [2, 3] are
used to diagnose and clinically manage a cerebral aneurysm.
The non-invasive methods, MR angiography (MRA) and
CT angiography (CTA), are routinely used to diagnose in-
tracranial aneurysms, but discrepancies in the aneurysm
location and size have been observed in several case studies
[4]. Digital subtraction angiography (DSA) is an invasive
technology but it remains the gold standard for aneurysm
detection due to its high sensitivity and specificity.

To develop a reliable decision support system for pre-
dicting subarachnoid hemorrhage, it is crucial to automati-
cally detect and precisely segment intracranial aneurysms.
However, this is a challenging task due to various fac-
tors such as variations in aneurysm size, complex vascular
anatomy, variations in image resolution, non-uniform dye
concentration injected into aneurysms and di [erknt parts of
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arteries (see Figure 1-A), and lighting and intensity vari-
ations in samples arising from the diversity of imaging
equipment used. The presence of noise and other artifacts
further complicates the accurate segmentation of detected
aneurysms. Detection becomes even more challenging when
vascular loops are present in the DSA image (see Figure
1-B) because their geometrical structure and localized dye
concentration may closely resemble that of an aneurysm.
In addition, various morphological and geometrical features
must be considered for rupture prediction, such as irreg-
ularities in the aneurysm wall, daughter domes, vertebral
dominance, perpendicular height and width, neck diameter,
aspect and size ratio, height to width ratio, angle relative to
the vessel, and diameters of adjacent parent and daughter
vessels [5, 6]. Unfortunately, the current less accurate de-
tection and segmentation techniques act as a bottleneck to
accurately determine these features. There is a significant
research gap primarily due to limited data availability of
DSA images.

Medical imaging studies have addressed the issue of
detecting and segmenting region of interests (ROI) using
either conventional machine learning (ML) or deep learning
(DL) methods across various medical image modalities.
ML algorithms can learn diagnostic patterns highlighted by
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Figure 1: a) Morphological and geometrical diversity of cerebral
aneurysms in 2D DSA images. b) Morphological and geomet-
rical diversity of vascular loops in 2D DSA images.

medical professionals, but their accuracy in aneurysm <.g-
mentation using hand-crafted features may be impacte. Yy
data bias and model design. In contrast, DL techniques have
proven successful in overcoming these challeng. < but their
black-box nature, requirements of large training data. >ts, and
inability to incorporate human feedback duriry uc« 2ing nay
make them less attractive for clinical use. 't is cr cial to
establish the relevance of DL models i=. chi 22l analysis
by designing reliable diagnostic systtms u >t incorporate
domain expert knowledge. However, L. models for medical
imaging face additional challenges due tu ‘‘mited imaging
data acquired in nonstandara -ttings with varied equip-
ment and heterogeneous, imbalanc. * sample data. Addition-
ally, labeled data may be si.arse, noisy, or entirely missing.
Incorporating doma’n ex, *t knowiedge into deep neural
networks (DNNSs) can 4.2'o ov ~come these challenges, but
current methods that' conca. nate handcrafted and deep fea-
tures or infuse them  ~to the last layer lack flexibility in
dealing with th< ur. -sity of medical imaging data. In rare
diseases like < rebral  neurysms, building datasets on the
scale required 1. =L approaches is challenging due to
regulator’ me _hanisi. > that prevent privacy infringements.
Without * ' Cie! t data, DL models cannot learn all the
patteras neeucy to achieve the desired outcomes.

Dex, learning (DL) methods may be inadequate in de-
tecl g anedrysms in digital subtraction angiography (DSA)
ir ages under certain circumstances, even in the presence
< .extensive data sets that are currently unavailable. For
exan.iple, if the region of interest has a low dye concentration,

the DL models may fail to detect the aneurysm due > the
limited availability of similar samples in the training 'atas.
In such situations, the expertise of medical profe. -ionals
in identifying aneurysms based on characteristi>a.suc. 7.
shape, edges, and borders can be integrated wi 1 D’ madels
to improve the accuracy of detection ans'. s. > nent tion.
However, the challenge lies in determining he v to incorpo-
rate these clinical practices into DL mode =.,7=s.:¢h, there is
a need to explore strategies for integra*ing I. 2dical expertise
into DL models to achieve improve= ~utcoi.. s in aneurysm
detection and segmentation in D’ A i* iag»s.

“1gure 2: Conceptual view of expert’s knowledge infusion in
u.. veep Neural Networks.

This study aims to develop a neuro-symbolic Al ap-
Jroach that incorporates domain professionals’ expertise
into a DL model for detecting and segmenting cerebral
aneurysms from DSA images. To the best of our knowledge,
no existing methods have dynamically integrated clinical
knowledge into DL models for medical image analysis.
Domain knowledge can be incorporated into DL models
through clinical knowledge in the form of a knowledge
graph, diagnostic patterns for rule-based learning, and fea-
ture knowledge recommended by domain experts. This study
aims to integrate hand-crafted features based on domain
knowledge into a DL neural network. It addresses several
research questions, such as e Lectively incorporating domain
knowledge into DL models, the impact of incorporating
domain knowledge on DL model performance, and e [ective
methods for combining domain knowledge with DL models
to improve medical image analysis. The study will examine
research questions related to selecting optimal layer depth,
weighting of domain knowledge and deep features, and
criteria for selecting appropriate infusion level and weight
factors for optimal outcomes in medical image analysis. The
major contributions of the proposed research work are:

This study examines the feasibility and methodology
of integrating domain knowledge in the form of hand-
crafted features into a DL neural network for medical
image analysis.
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This paper introduces a novel Deeplnfusion model
that leverages domain expertise to enhance cerebral
aneurysm detection and segmentation by identifying
the optimal layer within the deep neural network. Ad-
ditionally, a dynamic mechanism to adjust the weight
proportion of DNN model and knowledge models is
developed. The resultant output of the machine learn-
ing model developed on the knowledge of domain
experts is infused as attention in the Deep segmenta-
tion network layer. Since DNN itself also processes
the same image input, the induced attention of the
knowledge model assists the DNN in significantly
improving its performance.

Theoretical explanation and rigorous experimentation
on the knowledge infusion and its e [eck on accurate
segmentation from a highly diversified angiogram
dataset are presented.

The paper is organized as follows: Section Il presents a
discussion of existing literature, while Section 111 describes
the proposed method. Section IV briefly introduces the
dataset used for experimentation, highlights the challenges
presented by diverse angiograms, and presents experimental
results. Further discussions are provided in Section V, and
Section VI concludes the paper with future directions.

2. Related Work

Computer aided diagnostics (CAD) approaches [7,5 9,
10, 11, 12, 13, 14, 15, 16] can assist the neurosurgeons
aneurysm detection. The CAD techniques [7, 9. 11, 13, 17]
specifically focus on the DSA imaging modal’ - because
DSA is considered as the gold standard for an2ury_ ~ “e-
tection. Not much work has been done for tf : segr ntation
of the aneurysm in DSA images. However, [. avious studies
[18, 19, 5, 20] have explored both th7 i >rning and non-
learning automation approaches [21..22, 7,7 9, 10] for
aneurysm detection.

Existing non-learning stiidias have emnployed dilen
ent enhancement or shape-or.c. *ad filters to address the
aneurysm detection probler= ~or €, >".iple, Arimura et al.
[12, 23] designed a 3D stlective 2nhancement kernel for
intracranial aneurysins.dete *ion with high sensitivity and
low false positives (F?s). Howe ser, these methods [12, 23]
have limited applic *ion uti..y for unknown scenarios as
they considered =" a', v aneurysms in order to derive the
rules used to e imina.  the FPs. Similarly, di Cerént shape-
oriented filters, hased on the eigenvalues of the hessian
matrix, wo.orope °d in [13, 21] for aneurysm detection.
Jerman ¢ al’ (227 proposed a blob enhancement filtration
methc i ba. *d or eigenvalues of multiscale 3D hessian. This
methi. ' is independent of the intensity and size of blobs;
the =fore, 't can be used to detect small blob-like structures
i.e/ aneurysms. Additionally, a volume rendering method
k.sed on extending the maximum intensity di [erénce accu-
ni ‘ation (MIDA) [24] was developed to enhance the visu-
alization of regions containing the aneurysm. Performance

of this method [21] was evaluated on just 30 DSA « 4 10
CTA images. Arimura et al. [12] proposed a methor" pas.
on a shape-based di Lerénce imaging approach for ar. urysm
detection. Multiple thresholding was employed e=~ray. b
images followed by skeletonization to determ ne t'.e initial
candidates. The region-growing technique:we “appli:d to
identify the candidate regions. A similar e [.™ ot uetecting
the aneurysm using morphological analy.'s v:2s ~roposed in
[7].

Learning-based methods are ~>mmoi., employed to
achieve better classification p¢ for:iance, however, this
comes at the expense of increas ~ cor putational cost as
compared to non-learning mew ~ds. 1he current learning-
based methods have emplc ed beth traditional machine
learning and deep learn > meuv ads for aneurysm detection.
Existing methods ha= used uir Cerent traditional machine
learning classifiers suc'” as«KNN and SVM. For example,
Zafar et al. [17" p. 10ser a feature vector of the shape
and texture of “neurysin areas and used them to train a
KNN classifier for  neurysm detection. Hanaoka et al. [20]
proposed 1 feature set based on histograms of triangular
paths in"." = graph (HoTPiG) to detect cerebral aneurysms.
Regir=~row 2q technique was used to extract the arterial
reg on. an.undirected graph was used to create a feature
desc “itor ! .0TPIG for each voxel of the foreground region.
r dly, HoTPIG features were used to train the SVM to label
e'.ch T oxel as an aneurysm or healthy region. In [10], an

~torjated rule-based scheme was used in combination with
statistical features and quadratic discriminant analysis to
letect the aneurysm. Yang et al. [11] proposed an automated
method to detect intracranial aneurysms. In this method,
geometrical features were extracted from these points of
interest (POIs), followed by the application of empirically
determined rules, to select the most probable POls for
aneurysms. In [14], an automated technique was proposed
to detect cerebral aneurysms. More specifically, the blob-
ness filter was applied to identify the potential candidates
of the aneurysm. K-means clustering was used to compute
the volumes of interest in the filtered image. A rule-based
scheme was applied in combination with thresholding to
detect the aneurysms. Likewise, in [15], a Geodesic Active
Contours-based semi-automated technique was proposed
for aneurysm segmentation. The highlighted morphological
features have some limitations because of overlapping fea-
tures in vasculature loops and aneurysms. The evolution of
neural networks in the last few decades, specifically DL, has
motivated researchers to explore its utility in di Cerént do-
mains to achieve improved performance over conventional
ML algorithms. Few research studies [18, 19] have applied
convolutional neural networks (CNNSs) to detect aneurysms
for di [erknt image modalities. Jerman et al. [18] proposed a
learning-based framework using intra-vasculature distance
mapping and convolutional neural networks (CNNs) for
aneurysm detection in 3D cerebral angiograms. A hessian
filter was applied to enhance the arterial structure in the
angiogram image. Intra-vascular distance maps were com-
puted to the edges of vascular structures and CNN was
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used to train and validate these DSA images for aneurysm
detection. However, this approach only used 15 DSA images,
a very limited dataset for the e [eckive application of deep
learning. Similarly, a deep neural network along with a
maximum intensity projection algorithm was used in [19]
for aneurysm detection. The deep network was composed
of two convolution layers, two max-pooling layers, and
two fully connected layers. In [25, 26], experiment on the
sequence of high dimensional DSA frames. Zeng et al. [26]
trained a slightly modified conventional VGG model for
detecting aneurysms using 133 frames for each sample. The
processing overhead is computationally expensive to process
this much data. Tao [27] believed that 3D-DSA leads to
more accurate detection and reduces the misclassified rate.
The method used Bayesian optimization and thresholding to
conclude the results for automatic detection.

Although segmentation of aneurysm is very important
in estimating the risk of rupture but very few works [28, 29]
have considered segmentation as the primary task. Out of
the few, Liu et al. [28] proposed the 3D-Dense-UNet model
to segment the detected aneurysm in 3D-DSA images. The
segmentation of the model was measured with a correlation
coe [cieht of 0.77, which showed a di Cerence of 1mm and
2.5mm of the measurement of an expert with the segmented
aneurysm. Jin et al. [29] proposed a DL-based framework to
assist neurologists in evaluating and contouring intracranial
aneurysms from 2D DSA sequences during the diagnosis.
The network incorporates both spatial and temporal infor
mation and achieved an accuracy of 89.3% for aneurysm/ fe-
tection. Whereas, the segmentation was measured using e
dice coe [cieht (DC) score and achieved a DC of 0.533. Both
these studies are computationally expensive bec e of 3D
or selected sequences of 2D images. Also, the segmc tation
of aneurysms is not as accurate as required fo' (he ¢ timation
of the risk of rupture.

3. Proposed Method

This section explains the proposed me.. adology for in-
fusing domain expert knowled: into deep learning models.
It also elaborates on the imnorta.. = »f pre-processing in
complex medical angiogre ns. . addition, knowledge ex-
ploitation on diLertst lay. s of a deep neural network is
discussed in detail.

3.1. PRE-PROCECSING

The pre-preces. 2g sep is designed based on prior
knowledge akt > it aneL ysm detection by medical experts.
Physicians cansiu. 4. ee essential DSA features for aneurysm
detection” 1) .irculai ~r elliptical shapes in the DSA, 2)
consisten, > of bl od, represented as dark areas in the region
of irtrest, a.u 3) the artery with which the aneurysm is
~_acia. 1. These three distinct pieces of information can
be ' jassed on to three other channels of the image. As
DA images are monochromatic, the red, green, and blue
« annels in the image do not significantly vary or contribute
to actection.

1) Shape-based Feature Extraction

The nature of an aneurysm emphasizes the signi“icai.»
of circular regions in DSA, which can improve d. ‘ection
accuracy. Shape-based points of interest (POl 2re «
puted from DSA images by combining con ectrd pixels
in each binary DSA to form groups and:cc.utiny the
center of each group or shape. These shapes are ciassified
based on properties such as circularity, cc>vesitv and inertia
ratio to extract the POIs. While the.shap» of a saccular
aneurysm is circular, it is not a_~>>nlewc ircle, and the
minimum circularity value of 0. is<.ser to extract shapes
with circular tendencies, accounti, = for t'.e imperfect circles
of aneurysms. Convexity kelpc to 1uentify closed shapes
with some hollow areas, refe. -ed tu as the convex hull. The
minimum convexity vai»>.of 1 is used to locate hollow
circular shapes, acce:=*ing for «he inconsistent blood flow
in aneurysms.

2) Color Quz= tizatiun for Blood Consistency

Assessing the < xnsistency of blood in DSA images can
be challer ging due to the diLCerknt shades of color used
to depic. ‘ts appearance. To make consistency checking
more.~"ackiv - color quantization can be used to reduce the
nur per/,f calor shades in the image. The K-Mean clustering
met. ~uwas employed for achieving quantization, and Figure
o < 0ws u1e outcome of this process.

Color Quantized Qz
Image

Original Image >

Figure 3: Color Quantization for Blood Consistency Checking.

3) Vasculature Extraction

The extraction of vascular structure from DSA images
is crucial for precise aneurysm detection and segmentation.
To achieve this, the dimensions of the original image is
reduced by transforming the color image into a grayscale.
Due to the invasive nature of DSA images, the intensities of
image are limited to a small range of values. This distribution
can be increased by enhancing the contrast. The histogram
equalization is applied to adjust the contrast. The contrast
enhanced image possesses large amount of noise in the DSA.
For accurate extraction of the arterial structure from the
images, noise must be reduced. For this purpose, we applied
the median smoothing filter of size 5 5 to reduce the noise.
The area of vessels can be extracted with high precision by
converting it into a two-level binary image. The information
preserved in the original pixels of the angiogram has its
own importance. Keeping in view the e [eck of the original
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Figure 4: Depiction of step-by-step process of vasculature extraction from 2°D DS,

intensity, the two-level median blurred image is used to
preserve the original pixel of the vascular architecture. The
details of the vascular extraction process are presented in
Figure 4.

4) Expert Guided Input Preparation

Instead of utilizing the original DSA image as input for
the DL model, we integrated expert-guided pre-processing
into a three-stage approach and encoded this information
into three channels of an RGB image. The first channel con-
tains the shape-based points of interest in the image, while
the second and third channels contain information on blood
consistency and vasculature architecture, respectively. The
expert-guided input was then processed using the Resnet101
backbone processing.

3.2. Knowledge Extraction using hand-crafted
features

In the field of medical image analysis, incorpora g do-
main knowledge is critical for developing ro* ust . ‘tonmiated
diagnostic tools. To gain a comprehensive u_derstar ling of
aneurysm detection, we consulted an ex»erie. 227 domain
expert. By leveraging their expertise, w : peri. “med accurate
labeling of aneurysms. Specifically, pa.hes of images con-
taining aneurysms were extracted and stor. ! as representa-
tive samples of the aneurysm ¢ ss.

1) Points of Interest Ex’ac.’an

In the context ¢ ane. vsm de.ection, medical practi-
tioners initially focus . ide. ‘ifying circular or elliptical
shapes within bloorl vesse. . Our investigation shows the
significance of shape- ~sed features, as advised by experts,
in DSA images e rthe.zss, in-depth experimentation re-
vealed that ne™* er sha 2-based features nor deep features in
isolation (as auth. >7-ii section C.2) are adequate for precise
aneurysn’ detf ction, .*ace vascular loops share analogous
anatomic '<_har7 :teristics. Consequently, the shape-based
imag= resulu..y rrom the pre-processing stage serves as input
" rthe . ~owledge extractor, wherein each shape is cropped
ano storea as a point of interest (POI). Thus, Pol could be
br'.n the vasscular loops and aneurysms.

Normalization

Im 4o Ob
Binariza ‘on

“nage .

Algorithm 1 Knowledg» Extre tion
Require:

. For  Figure.5
Require: T - M.nirmum threshold for infusion level
Ensure: POI[= ( adceuntour. ,/
i 3 length.i D1/
whilei 0do
C 7 predict.POI[i]/
if ¢ €T then
ren ve * POI[i] * from™*
erdif
L x K

- ad wnile

2) Region of Interest (ROI) Extraction

The region of interest is the aneurysm in the DSA im-
age. Vascular structures in the form of circular or ellipse
'hapes can mimic aneurysms, making it necessary to clas-
sify the points of interest (POISs) to di Lerentiate them from
aneurysms. A balanced dataset of aneurysms and vascular
loops, each containing 174 samples, was prepared from
the training images. A binary convolutional neural net-
work (CNN) classifier was developed using these samples
to distinguish between aneurysms and loops. Based on the
classifier’s output, patches containing loops were discarded,
and the remaining patches were treated as ROIs. Each ROI
contained visual information and a confidence level (C),
indicating the classifier’s probability of categorizing the
shape as an aneurysm. The study created images of high-
and low-probability aneurysms based on the confidence level
(Figure. 5). The di Lerkénce (d) between the two categories
could be calculated using Equation 1.

SN/ 1*T/

d N

@)
N is the total number of layers in the deep learning model.
T is the minimum acceptable confidence level, which is
acceptable to categorize the POI as an aneurysm.

sn/=N

t @

Because of the complexity, each layer can not be selected
as infusion level, so S(N) is introduced to add a shift (Eq.
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Figure 5: Framework for Intracranial Aneurysm De! :ction and Segmentation.

2) between the infusion level. The shift can be calculated
by dividing N with the total number (t) of allowed infusion
levels.

3.3. Knowledge Infusion in DNN

U-Net [30] is a widely used convolutional neural | et-
work architecture that has shown remarkable performa.. e
in medical image classification tasks, particularly in seg-
menting and identifying organs and abnormalitie: However,
despite its widespread adoption, several challenaes i main,
including the scarcity of annotated data, wh'ch rec 'ces the
performance and robustness of the model, " articul rly for
rare diseases such as cerebral aneurys .. To «uress this
issue, incorporating expert-designed fiand-ci. *ed features,
such as geometric and anatomical featu, <. into deep learn-
ing layers can improve the model’s performeance [31]. While
these features are typically adc . ".at the input layer or fused
at the classification level usi=~ ensc »'ie learning, there is
no previous work that dyn imica. * exploits the "attention"
introduced by domuin_ex, rts. To address this gap, we
propose a method that ai. »atly ¢ splies hand-crafted features
to the layers of U«\et, rau.>r than relying on black-box
feature extraction or s.in connections that depend solely
on the loss fun_tion. This section describes the proposed
approach for ic ~ragine deep neural network knowledge and
discusses *'..deta.  of early or late infusion, along with
weight a’ just nerts.

1) I 2usion evel/Layer Selection

In trio aroposed method, the first and the most important
par meter Is the selection of infusion level/layer (1) in the U-
Nt Network. The infusion level decides the interaction of
u. ~deep neural network with the expert-guided knowledge.
The knowledge extracted in the previous step corresponds

to 11e runfilence level of the classifier used in knowledge
extra ‘on-Our hypothesis is that if the confidence of the
kn: wledge/handcrafted-based classifier is low, the U-Net
<oult exploit the feature maps of the ROI extracted by the
o uifier early on. Conversely, if the classification confi-
Jence is very high, the U-Net should exploit this information
At the deeper layers.

_.C*T/
d

The confidence level (C) of ROI with the minimum accept-
able confidence level (T) is an important factor in infusion
level decisions. In the proposed method, the infusion level
is calculated by dividing the calculated term with the di LCer}
ence (d) between each category.

©)

n=1 S.N/ 4)
where n is the layer number after which the new layer is
infused. If the infusion level is equal to the number of layers
(N) in the deep neural network then S(N) is 1. Otherwise,
Infusion level (1) is the multiple of S(N).

2) Deep Feature Extraction

The encoder-decoder-based deep neural network [30]
plays an important role in medical image analysis. The
proposed deep learning model is built using the ResNet101
block to maintain the identity function and improve the
accuracy of the detection. The encoder is a traditional con-
volutional network that comprises the recurring application
of two 3 3 convolutions followed by a rectified linear unit
(ReLU). For the down-sampling, a 2 2 max pooling oper-
ation with stride 2 is used. The number of features doubles
at each down-sampling step. Decoding is followed by up-
sampling where 2 2 convolution is applied on the feature
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map. The up-sampling cuts down the features channels by
half. Also, each layer in the decoder is concatenated with
the respective cropped feature map from the encoder layer.
At the last layer, the feature vector of 64 components is con-
verted to the number of classes by performing the 1 1 con-
volution. Each layer of encoder and decoder is also stacked
with Resnet101 layers to learn the complex features in the
angiograms. Keeping in view the availability of limited data,
the encoder is designed to use the ImageNet weights. The
rest of the layers are designed to use skip connections with
the encoder to utilize the pre-weights and learn about the
specific domain dataset.

The network is further enhanced by infusing the knowl-
edge at di Cerknt levels. For this purpose, the infusion level-
based deep features (Eq.5) are extracted from the deep
learning model.

Dh=h; g Kk (5)

The number of filters is represented by k; while the h; and
g; are dimensions of the image.

3) Equivalent Feature Maps Calculation

The knowledge cannot be exploited directly to the deep
learning layers because of the abstract nature of deep fea-
tures and di Lerent dimensions of tensors (Eq. 5). Based on
the level of infusion, the equivalent feature map needs to
be calculated. For this purpose, we introduced a dynamic
sub-network generation mechanism to calculate the ma__C
according to the level of infusion. Each knowledge catexry
input is processed from the infusion level-based sub-netwo. -
and calculates the equivalent feature map (Eq. 6.

j 5)

Here the number of filters are represented by <; whil the h;
and g; are dimensions of the image. E,, i=equ. 2'a".(to D,,.

4) Adaptive Weight Exploitatior:

The weights of external and deep te.ires map is an
important aspect of infused U " et. The proposed adaptive
knowledge exploitation method « nsiders the position of
the layer and calculates tkz u, 2amic weights. The depth
of the network is cal-ulat. " using wie infusion level. Based
on the calculated deptt. the v.>ight distribution is selected.
The weight distribu tons “ow the weights assigned to
knowledge features ai. ' deep teatures. We analyzed di Cerént
weights of knoy'ic.. 2 w; "0 deep featuresw; in our experi-
ments. The re2 Its sho ' that for early infusion the w; must
be relativelv area. = thun w; and vice versa for late infusion.
The equa’ dist «butio, ~f weights are e [ective in the middle
of the.ne v rk. 7~ he maximum weight w assigned to deep
or kncwleayc“Cature can be 1. The initial weight wq value

2ds . he calculated as a starting point.

=W
t+2

)

Wo

W, 5 calculated by dividing the w by total number of
allowable infusion levels (t) with the shift of 2. The factor

Algorithm 2 Adaptive Multi Level Infusion
Require: ;
Ensure: POI[] 3 S
ROI,[] = empty
ROI1,[] = empty
z ¥ length.POI/,i 30
whilei <zdo
C ¥ predict.POI[i]/
if C g 0:75 then
ROIl, POI[i]
end if
if C g0:50 C <0:/5the
ROIl, POI[i]
end if
i++
end while
M, J ROI,
M, ¥ ROl
N 3 lengthi YL oger/
t3F N - Total number of allowed infusion level.
T 3 ma.C/ . Minimum acceptable confidence level.
d¥} .. T/ N
m. "
\ hile'm = tdo
< } J
Ch=-m d/+T
13 .C,*T/ d
while j ¥ ndo
D; 3 featuremap. /
if n ==j then
Ej > fe%uremap.M/
else if n F j then
E; 3 featuremap.M/
end if
j++
end while
m-+ +
end while

- S Extract POlIs fron 'mage

M Merge ROIs to Image fig. 5

2 is introduced to avoid the assignment of maximum (1) or
minimum (0) value to each feature.

W = 'Ii +1/ W (8)

The weight of the knowledge-based feature wj; is calculated
from infusion level (I;) selected for the said features and
initial weight. The remaining weightage is assigned to deep
features (wj;).
W =w*w; 9)
5) Adaptive Layer Infusion
The deep features specific to each level (denoted as
D,) are merged with the corresponding knowledge-based
feature map (E,)). The weighting of the deep features and
knowledge-based features is determined based on the in-
fusion level (I), following the dynamic weight calculation
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process as discussed in the criteria.

O

The prepared knowledge-infused layer is added at the se-
lected infusion level and the rest of the network remains the
same. The output of the infused layer goes to the next layer
of the network. The infusion not only increases the number
of layers by one but also another input carrying knowledge
is added that represents the guideline for the deep network
layer.

The adaptive layer infusion operates in two ways. Firstly,
the choice of layer depends on the task objective. For ex-
ample, for the detection of all aneurysms, infusion mostly
works better in either the initial or final layers, whereas for
segmentation, the middle layers are more appropriate. Sec-
ondly, instead of categorizing tasks into two distinct groups,
we categorize the confidence into confidence intervals, and
the infusion is determined dynamically based on the criteria
outlined in Algorithm 2.

4. Experimental Results

In this section, we provide a comprehensive account of
various experiments conducted to assess the detection and
segmentation performance of Deeplnfusion. Additionally,
we also include the specifics of the dataset used in these
experiments. Our investigation focused on two key factors:
firstly, the e Ccady of the model in incorporating knowler ye
into di Cerént layers of deep learning; secondly, the influ' 'ce
of layer selection and weight assignment on the deep an.
knowledge-based features.

4.1. Dataset Selection
Choosing an appropriate dataset for det ‘cting < )d seg-
menting aneurysms presents several challe ~es, ~uch as
varying equipment, angiogram techn’jue.  hign-intensity
imaging, limited image availability,” 2d the ucation and
appearance of cerebral aneurysms. Furthe. ~ore, due to med-
ical ethics, patient datasets ca>vut be publicly accessed for
research, so angiograms must 1. * be anonymized before
analysis. Additionally, exp.i. ‘now..dge is necessary to
identify intracranial aneus+sms fro. > the arterial structures.
To assess our propr-ed 1. thod, we employed 409 two-
dimensional (2D) dig al sc>tracidon angiography images. In
clinical settings, 2D . rages aie typically used for diagnosis,
whereas we ger..*ad . images specifically for experi-
mentation purrases. 1 target the 2D images, we collected
single-frame any ~ara‘is from a time series imaging study
based onix v 2ws: . »edial and lateral, proximal and distal,
and supe ‘orand  ferior. The dataset consists of images that
depict the .2 ence of aneurysms in nine di [erént arteries,
rame,, ACOM, Basilar, ICA, MCA, PCA, PCOM, PICA,
sup acline 4, and SICA.
Qut of the dataset’s images, 15 do not have aneurysms,
nile the rest contain one or more aneurysms, with a
toiw..»of 436 aneurysms marked by an expert. Among these
aneurysms, 339 are saccular, and the remaining 31 are

fusiform, included to test segmentation’s robustness. . evi-
ously, existing approaches only focused on saccular ar zury. ms.
The average aneurysm area is 2550 pixels, ranging from a
minimum of 145 pixels to a maximum of 22880 rls. o)
presence in the angiogram is another importe 1t f2_tor that
complicates the aneurysm detection process. ™ a\v :rage
loop area in angiograms is 2024 pixels, ra ging trom a
minimum of 99 pixels to a maximum of . 5028 ixels.

The collected 2D DSA angiogra:==.are nartitioned into
training and testing datasets in a 4:7-72%i0. 11..5€ angiograms
are labeled by a neurosurgeon fo' sec nertation.

4.2. Evaluation Paramete.

The proposed system is walu.2d in two phases. The
first phase involves eva':ating ‘*he accuracy, precision, and
recall of the knowled~~ extrac.or. In the second phase, the
detection results arr eve’datad using the F1-Score, while the
aneurysm segmenta 0 is ¢ valuated using intersection over
union (10U).

4.3. Exparimentauon

This®action provides di[erknt experiments to inves-
tigate the 1. nortance of adaptive knowledge infusion on
di [7 c&nt «avers of the model. Moreover, we also examined
the' xorte ice of defining the preferences of knowledge in
270 lew.ing features and the e [eck on aneurysm detection.

1) K-.owledge Extraction

The objective of this experiment was to evaluate the re-
iability of knowledge extraction by developing a model that
could distinguish between aneurysms and loops. To accom-
alish this, we extracted 349 aneurysms and an equal number
of diverse loops from a training set of 319 angiograms,
ensuring class balance. We then trained various traditional
machine learning algorithms, such as Logistic Regression,
Linear Discriminant Analysis, K-Nearest Neighbors, Classi-
fication and Regression Trees, Random Forest, Naive Bayes,
and Support Vector Machine, but the accuracy of the results
was low, as shown in Figure 6. Consequently, we decided to
use a convolutional neural network as a backend classifier,
with handcrafted features that integrated domain knowledge.
The knowledge extractor is tested on 127 equal number
of aneurysms and loop slices for classification. The results
are shown in Figure 7. Overall, the accuracy of the classi-
fier is 90%, and the precision, and recall is 86% and 95%
respectively. The confusion matrix in Figure 7 shows the
performance of the classification on test data.

b) E Cect of Knowledge Infusion at Di [erent
Layers in Deep Neural Network

The knowledge extracted in the previous experiment
can be a guiding factor for the deep layers in the model.
For this purpose, an additional experiment is conducted to
observe the e [ect of knowledge infusion on di [erent layers
of deep learning model. Selection of the layer in DNN is
a critical factor considering the confidence of knowledge
classifier. Our first goal is to find out the the elect of
infusion at di Cerent layers. The idea behind the selection
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Figure 6: Performance comparison of ML classifiers for knowl-
edge extraction.

Figure 7: Confusion Matrix for Knowledge ~vtra‘ (or.

is to observe the behavior of the deep le. “hing model by
infusing the knowledge at thre. 1i [erént positions i.e. start,
end, and middle. The other challer. = of this investigation is
to infuse high-level knowle'.ge v ‘th aeep features. The deep
features abstraction.depe. 's on ti.¢ position of the layer.
To deal with this cha.’~nge, *he knowledge embeddings
are generated to mak : the \ “ah-level knowledge equivalent
to deep features by . troducing the abstraction. The five
di Cerent model” aro designed and evaluated quantitatively
for di [erent e - luatior, parameters on test data. The results
of knowledoe ini ~icr, at layer 380, 278, 209, 106 and 57
are prese ited «n_Ta.™> 1. The results of model infusion
are comp v d wi h the deep learning model. The positive
impac: of K..cwledge (KW) infusion on various layers of
70 leomning models is apparent. Figure 8 compares the
per rmance of each layer using selected measures, and
th* variations in these measures demonstrate the impact of
. "W infusion. Most layers experience an increase in 10U
scai¢ following infusion, indicating improved accuracy in

mask extraction. However, the layer that contributes to otter
segmentation may di Cerl from the one that contribuces »
better detection. For instance, while layer 106 is e best
for segmentation, layer 57 is the most suitable fa=date. =7,
among the various infusion levels.

Figure 8: Comp. ‘son of Performance Measure with respect to
Infusion Level.

InFige = 8, the performance of models infused at various
layer.i. »omy wred. Infusions at layers 106 and 209 appear
to « sciate’ ¥ segment the aneurysm, closely matching the
arou,. ‘.trin, Conversely, infusions at later layers such as
27, and 380 detect small shape-based features as potential
“aeur sms. Additionally, the early infusion is more e [ective
a. etecting aneurysms with low brightness. The results
‘uggest that both early and late infusions improve detection,
while middle layers are more suitable for segmentation. If
the knowledge extractor is unable to di [erkntiate between
the aneurysm and vasculature loop then the model accepts
it as a potential aneurysm. But the middle layers like 106
and 209 re-consider the features along with deep features and
filter those areas, which are misclassified by the knowledge
extractor.

The low intensity or small sized aneurysms, which are
usually missed by the DL model can be detected via early
infusion. By decreasing the threshold of the IOU-Score to
0.2 an improvement in segmentation can be observed (Table
2).

¢) Optimizing the Weights of DNN and KW
Features in Infusion

In the previous experiment, the infusion assigned equal
weights to both knowledge-based features and deep features.
The present experiment seeks to investigate the impact of
weight distribution on infusion. Layers 106 and 209 demon-
strated positive outcomes in the segmentation task during
the prior experiment. To examine the significance of weight
distribution, layer 106 was selected for infusion, and the
experiment was conducted using di [Cerent weight ratios of
DNN and knowledge features, specifically 60:40, 50:50,
40:60, and 30:70.

The weight ratios in this experiment are represented by the
first and second terms of the ratio, indicating the weights
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Table 1
Results on diLerknt knowledge infused layers.
Parameter UNET Knowledge Infused Layers Sy
380 278 209 106 o7
Training \ N
Loss 0.0005 0.0013 0.0003 0.0018 0.0021 1.0016
[e]V] 0.8498 0.9170 0.9418 0.9411 0.9450 0.9107
Accuracy 0.9997 0.9993 0.9998 0.9990 098¢ 0.9991
F1-Score 0.8309 0.8684 0.7800 0.8201 O.tj“r 0.8614
Validation
Loss 0.0004 0.0010 0.0003 0.0012 I 1.0015 0.0013
IOU 0.8778 0.9124 0.9661 0.9577 ‘ 0.9413 0.9052
Accuracy 0.9998 0.9994 0.9998 0.“997 # 0.9993 0.9993
F1-Score 0.8323 0.8634 0.7900 0.4 ‘ 0.7447 0.8555
Testing
Loss 0.0004 0.0012 0.0003 | 0.0022 0.0016 0.0015
IOU 0.7930 0.7646 0.8518 L.8586 0.9030 0.7638
Accuracy 0.9998 0.9993 0.9998 v, T 0.9988 0.9991 0.9992
F1-Score 0.6357 0.8553 ¢ 605'7 ‘ 0.6724 0.6980 0.8554
Table 2
E [edt of IOU-Score Threshold on Segmentation.
Threshold UNET N ‘ Knowledge Infused Layers
“ou 278 209 106 57
0.5 0.7930 C 7646 0.8518 0.8586 0.9030 0.7638
0.3 0.8664 q48:T 0.8990 0.9109 0.9342 0.8475
0.2 0.9158 ) 0.9065 0.9273 0.9468 0.9597 0.9043
0.1 0.8778 U.8945 0.8937 0.9018 0.9201 0.8624

assigned to the deeg featu: = (w;) and knowledge features
(w;), respectively. Tahle < demc strates the impact of weight
distribution, reveali=t! that v.>ile weights have no e [eck on
accuracy, they do.influ. >ce IOU and F1-Score.

Table 3 algu en,, hasizes the importance of selecting
an appropriaic ‘ayer ¢ 1d weight distribution for optimal
outcomes."=~reas. 1 the weights assigned to knowledge
features * ‘om0 0 6L 2ads to an increase in the 10U score
for the trc”ang  ata, although no variation is observed in
the {0 data according to the qualitative analysis in Figure
J. 7 coivast, decreasing the weight to 40 for knowledge-
bas d features causes a change in the IOU score in both the
trianing and test data. Further decreasing the weight to 30
re ts in significant improvement in both the train and test

data, suggesting that a 30:70 ratio is close to optimal for layer

106.

Overall, this experiment highlights the importance of
weight distribution in infusion and demonstrates that the
appropriate selection of layer and weight distribution can
lead to improved results.

d) Adaptive Infusion in DNN

The previous two experiments have demonstrated that
the e [eckiveness of infusion is dependent on the infusion
level/layer and the distribution of weights. However, an
important question arises as to how to dynamically select
the layer of the DNN model and weights for both knowledge
and deep features.
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Figure 9: Impact of knowledge exploitation ' n . [er 1t deep learning layers.

Table 3

Comparison of weighted infusion w;:w; i.e. deep features:Knawlew 2 fel.cures.

Weighted KW-Infusion on Layer 106
Parameter
60:40 50:50 40:60 30:70
Loss 0.vu21 0.0021 0.0021 0.0021
. [0]V] J.9560 0.9450 0.9540 0.9546
Training — =
Accurac) \ 0.9989 0.9989 0.9989 0.9989
F1-Score 0.8070 0.8105 0.8059 0.8055
Loss 0.0015 0.0015 0.0015 0.0015
L (0] ¥ 0.9718 0.9413 0.9729 0.9734
Validation —
Ac racy 0.9993 0.9993 0.9993 0.9993
t1-Score 0.7385 0.7447 0.7374 0.7366
Loss 0.0017 0.0016 0.0016 0.0016
) 10U 0.9597 0.9597 0.9591 0.9602
Testing —
Accuracy 0.9991 0.9991 0.9991 0.9991
F1-Score 0.6986 0.6980 0.6966 0.6946

/.« discussed in the methodology, the proposed dynamic
...sior, xnproach selects the layers based on the confidence
leve  of the knowledge extractor/classifier. This means that
lov-confidence knowledge is infused at the beginning layers
v 7. level 57) and high-confidence knowledge is infused
at trie later layers (e.g. level 246) of the DNN. The results

indicate that loss reduces when categorized external knowl-
edge criteria are enforced. Additionally, there is a significant
improvement in F1-Score, although the segmentation per-
formance is not optimal. Despite this, the performance of all
parameters is improved.
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Table 4

Comparison of deep learning with diLerknt knowledge infused networks.
Parameters UNET Segmentation (Layer=106) Detection (Layer=57) Adantive [ Sl
LOSS 0.0004 0.0016 0.0014 J.00)2
IOU__SCORE 0.9158 0.9602 0.9043 -.9354
ACCURACY 0.9997 0.9991 0.9991 0.9995
F1-SCORE 0.6356 0.6943 0.8554 0.9323

Table 5

Comparison with Existing Approaches.

Method No. of Images | Accuracy
ISADAQ [5] 59 86.00%
KNN [17] 209 95.00%
Proposed 409 99.95%

Therefore, it is intuitive to use adaptive knowledge infu-
sion, which involves dynamically selecting the infusion layer
and weights based on the confidence level of the knowledge
extractor/classifier. This approach allows for the infusion of
external knowledge at appropriate layers of the DNN, which
leads to improved results for all parameters. Ultimately, the
use of adaptive knowledge provides a promising solution f_.
achieving better performance in DNN-based tasks.

Table 4 compares the performance of three dilere. *
methods for image segmentation and detection. .The first
method is the UNET segmentation algorithm, ste . infusion
at layer 106 for segmentation and layer 57 f==.dew *'.n.
The third method is an adaptive infusion/approc h. The
results show that the adaptive infusion app: ach p rforms
better than the other two methods in ter:"is < ©all parameters.
It achieves the lowest loss and higk~st IOUL  core, accu-
racy, and F1-score. The F1-score for the ~daptive infusion
approach is particularly higk. ‘ndicating @ good balance
between precision and recall.“1. > results suggest that the
adaptive infusion approach = wron.. ".1g method for image
segmentation and detecticr.

e) Comparative Ar.. 'vsis of the Proposed and
Contemporar’y v dels

We condu. ~d an :xperiment to evaluate the perfor-
mance of ~=mou " in comparison to our previous studies
[5, 17]. T or t'.e exper. zent, we utilized the same data col-
lectior. pr “edur and a subset of our current dataset. The
resul - are presented in Table 5, which shows a significant
wi. YOVE. ent in accuracy. These results demonstrate that
knc vledge infusion is a promising approach for developing
m .dical diagnostic systems, as it addresses the limitations
l-~ad by small datasets in deep learning models.

Figure 10: A) Sample of Kvasir-SEG dataset[32]. B) Sample
of DRIVE dataset[33].

f) Generalizability Evaluation

In this section, we evaluate the generalizability of our
approach on a publicly available datasets. It is important
to discuss the steps involved for KW-DNN for the e Cective
utilization of this approach on other datasets. The utilization
of expert domain knowledge is crucial for the successful
segmentation of any region of interest (ROI) from any image
modality. This is achieved by processing the image for
shapes, edges, or other patterns suggested by the expert,
which leads to the acquisition of engineered features. To
evaluate the generalizability of both datasets, hand-crafted
features specific to phenotype and image modality are em-
ployed.

For the dynamic infusion of knowledge, the engineered
features are compared against the actual ground truth to
determine the confidence level of each ROI. In the absence
of ground truth for test images, the average confidence level
is used to make decisions in a real scenario. The infusion
of knowledge is performed on the optimal layer, and the
weights are assigned dynamically based on the confidence
level.

The aforementioned procedure is employed to design a
two-stage experiment. The objective of this experiment is to
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Table 6
Performance Comparison on Public Kvasir-SEG and DRIVE
Test datasets.

Kvasir-SEG DRIVE
DL KW-DL DL KW-DL
Loss 0.1344 | 0.1358 | 0.1224 | 0.1315
[e]V] 0.6015 | 0.6335 | 0.5784 | 0.5930
Accuracy | 0.9462 | 0.9493 | 0.9125 | 0.9132
F1-Score | 0.5587 | 0.6532 | 0.6144 | 0.6448

compare the performance of a knowledge-infused DNN with
that of a conventional DNN on a publicly available medical
segmentation dataset. Examples of images from each dataset
can be observed in Figure 10.

In the first stage of the experiment, the kvasir polyp
dataset [32] was chosen due to its value to researchers work-
ing on segmentation tasks. This dataset o [er$ a diverse col-
lection of images that can be used for training and evaluating
segmentation models. Moreover, pixel-level segmentation
masks can be employed to assess the accuracy of the models.
The polyp RGB images without any pre-processing are used
as input to the network. The external knowledge is infused at
the optimal layer, which is extracted through blob detection.
The detected blobs are then incorporated into the network.
The performance of the conventional DNN is compared .o
the knowledge-infused DNN in Table 6.

The infusion of external knowledge has shown to €
hance pixel-level detection, which is evident by the increased
value of 10U. The notable improvement in tk: ~1-score
provides evidence of the importance of exterr="'snov. >".ge
infusion in a deep learning network. The inf ision 6. knowl-
edge enforces domain knowledge in the inw mnal |- yers of
the network to prioritize important feat' (es. This ieads to an
improvement in the network’s perfoi'> ance. 1. the second
phase of our experiment, we utilized the >ublicly available
DRIVE dataset [33] for vessc¢! “egmentation. This dataset
comprises 40 images, with Zu ‘mages each for the test
and train sets. A mask ima ¢ "= pro.ued for every retinal
image, indicating the regin of in. rest. The original image
is given as input to the netwe 2 without any pre-processing.
The knowledge is enjinec ~d by extracting the structuring
elements from the". »age, wiiich are then infused on the
optimal layer b2~ on *he confidence level. The perfor-
mance of the kiiowleu 2-infused network is compared with
a deep learning  ~two < in Table 6. Our results indicate an
improverrcnc »bou 'OU and F1-score, demonstrating that
the infus an<uf o main knowledge is equally applicable to
small’ satas. =~ T.is improvement is due to the mechanism of
the . sed network to prioritize domain knowledge within
the ntern.’ structure of the DNN. Our findings suggest that
do’ iain knowledge can e [ectively address the limitations of
" 2ep learning networks when working with small datasets.

5. Discussion

The primary goal of this paper is to enhance t : e [ea
tiveness of deep learning methods in medical image ~nal-
ysis by integrating expert knowledge. Based ¢ .1 th: neuro-
symbolic Al approach, the Deepinfusion met. ¢ proy osed
in this study incorporates the output of the kri wicz"/nodel
into the deep learning network layer as at* :ation. By optimiz-
ing the weights of both models and dyneMicai.y selecting
the infusion layer in the DNN, the adapu ..t fusion process
significantly improves the detecion. .nd segmentation of
ROI through the infusion~f att. at’un. 7 o substantiate the
e [eckiveness of the proposed i. ~thoo, ' developed a neuro-
symbolic Al method for DS, ana. 'sis, which combines the
domain expert knowledae o1 ‘dentifying aneurysms from
DSA images with data-drive..*" .p learning techniques. The
results indicate the® the proposed approach enhances the
detection and segn »p‘atior performance by incorporating
expert knowled e, the ='_y overcoming the limitations of
deep learning or mall datasets, which is often the case in
rare diseases, and ti.- inability to share data in the cloud
due to K'2PA compliance. The proposed Deepinfusion ap-
proach ren > on the notion of measuring the confidence
leve” ot1 ¢ hand-crafted machine learning/knowledge model
on s/ redi ;tion output and infusing the potential ROI as
~*anu 200 the deep learning network layer, proportional
to e certainty of those predictions. Since the DNN itself
50 r.ocesses the same DSA input, the induced attention of
the knowledge model also assists the DNN in significantly
mproving ROI detection. The domain knowledge infusion-
pased deep learning model is expected to improve the accu-
acy of various medical image analysis models when large-
scale datasets are not available.

Figure 11: Impact of knowledge infusion in segmentation of
DRIVE images.

The expert-advised knowledge can be extracted using
ML technigue from the hand-crafted features. But these
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features may miss some important information. So, rather
than using it as the input, the knowledge is introduced in
the internal structure of the DNN. Due to the DNN’s black-
box nature, adaptive exploitation of the domain knowledge
directly within the neural network is not possible. Therefore,
we have created the equivalent feature map through the
knowledge embeddings. The novelty of the proposed system
is to dynamically infuse the domain knowledge directly into
the DNN by selecting the appropriate layer of DNN and
adjusting its weights proportion to the knowledge model.
The infusion of external knowledge into deep neural
networks is shown to enhance performance in the detec-
tion and segmentation of aneurysms, particularly when the
dataset is challenging, such as those containing various atrial
views, fluctuations in dye intensity, di [erent sizes of regions
of interest, and background noise. However, selecting the
optimal infusion layer is complicated due to the complex
architecture of deep learning models, which include ResNet
blocks and skip connections. In this study, the impact of
infused knowledge at the beginning, middle, and end of
the deep neural network layer was investigated, with layers
57, 106, 209, 278, and 391 being selected for analysis. The
introduction of knowledge at the end layer of the network
improved the detection rate, but also produced significant
noise due to lack of filtering through the deep layers. Infusion
at layer 278 or 318 resulted in improved detection but low
segmentation accuracy. Infusion of knowledge in the initial
layer, specifically in layer 57, produced infused knowledee
that behaves as an additional input and undergoes siar fi-
cant convolutions downstream. Segmentation was slig. 'v
improved over the model infused at the ending layers o
the network but not as accurate in its contribut, ' towards
further analysis for rupture prediction. When infus. n was
performed near the middle of the encoder, 7, In . ‘ers 106
and 209, the model outperformed for aneui 'sm se¢ nenta-
tion but may miss small aneurysms. T2 visc'*Zation of
the last row shows that infusion imi roveu ~egmentation
accuracy and assisted the ability to detec an aneurysm when
the arteries in DSA images were darker due 2 concentration
of dye compared to the portion: ~ere aneurysm exists. Thus,
adaptive infusion of knowled~= is rc armended to optimize
performance in terms of s/.gme. ‘ation and detection, with
individual tailoring ¢7 infu. 2n at di Cerent layers to improve
system performance. 11, clas. fied aneurysms can be cat-
egorized based on rcfiden. > levels, which can inform the
decision of which infu. an layer to use for each instance.
The concep’ of aw. ative infusion involves infusing knowl-
edge into dyi. mic lay :rs of DNN with varying amounts
of weight z*sen  cxternal knowledge and deep neural
networks Th.. impro. ment in results on public datasets
shows: the “ npor .ance of knowledge infusion (Figure. 11).
The< eckiveniess of knowledge-infused networks on public
uw 2Sets an be improved by adding domain experts, which
hel' 5 to improve the knowledge engineering process. Do-
- an experts provide insights for the extraction of knowl-
e.e. They can also help to identify potential problems
and suggest solutions. Despite the high performance of the

adaptive knowledge infusion, as the complexity ar.. size
of networks increase, more memory resources are r-gun.?
along with the learning time. Currently, the bacl “round
information is also passed to the network alorgwiu. .
knowledge. In the future, the complexity me ' be recuced
by infusing only the spatial aneurysm o’ ti. regi'n of
interest. Our long time goals include the imp. mernation of
a reinforcement learning-based knowleay =-i.>fu.~d network
to make adaptive real-time systems.

6. Conclusion

In medical image anal/si. the ocus of deep learn-
ing research to date has be.n on ‘mproving performance
by optimizing model <=-hitec ures and their parameters,
and systematically a'*~ring/iin.roving datasets. However,
the power of infusir j hu/aar intellect into the neural network
remained largel u <«plo’:d. This paper has introduced
a novel appro¢, adapuve knowledge exploitation on the
traditional deep 1. rning architecture, by implementing a
Deeplnfusion model tor aneurysm detection and segmenta-
tion, wh.  infuses medical expert knowledge into the deep
learnin~ layc =~ Empirical results highlight the importance
of ¢ :lec’.ng.the appropriate deep learning layer, along with
the « “ribu ion of weights between the knowledge and deep
ic. ures, 0 achieve optimal performance. In the future, we
p'an i) extend the current system by optimizing the selec-
‘anf the layer for knowledge infusion and more precise
adjustments of the weight for infused knowledge and DNN
2 further improve the detection and segmentation.
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