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SYNOPSIS

RUPTURE STATUS PREDICTION, BASED ON THE
MORPHOLOGY AND HEMODYNAMIC PARAMETERS
OF CEREBRAL ANEURYSMS: A MACHINE LEARNING
BASED STUDY

Background and Aim: Intracranial aneurysms are common condition in
neurosurgical practice. A key factor governing clinical management of cerebral
aneurysms is the rupture status. Crucial clinical situations arise when it is difficult to
identify the ruptured aneurysm in case of multiple aneurysms. In this realm,
morphological and hemodynamic features of aneurysms often provide valuable and
reliable clues. This work aims to assess the significance of the morphological and
hemodynamic factors in predicting the rupture status of intracranial aneurysms using

statistical and machine learning tools.

Methods: Hundred consecutive cerebral aneurysms (64 ruptured, 36 unruptured) were
studied. Geometric models were derived from using computational modelling
computed tomographic angiography (CTA) or digital subtraction angiography (DSA).
These models were created by performing image segmentation of angiographic
images. The geometrical models were processed using software to extract key
morphological and hemodynamic indices and ratios. The morphological and

hemodynamic factors were tabulated, and statistically analysed. Further, machine

Xiii



learning algorithms were used to obtain the best prediction of aneurysm rupture status.

This was performed by supervised and unsupervised learning and testing the dataset.

Results: The aforementioned workflow was used to gather morphological and
hemodynamic parameters for further statistical and machine learning-based inferences.
Aspect ratio, bottle neck ratio, Dome height, parent vessel diameter, aneurysm surface
area, surface area/volume ratio and RRT, mean WSS and p Mean were identified as
the best parameters based on the hypothesis test. With the supervised learning methods
our results shows that ANN model followed by Logistic regression algorithm proved

to be effective in predicting the rupture status with accuracy of around 80 %.

The unsupervised machine learning algorithms shows that a higher inflow angle,
abnormally large aneurysms and low wall shear stress can be related to higher rupture
status which were consistent with other studies. And spectral algorithm grouped

anuerysms with a silhouette score of 0.76 and 0.68 for both types of data.

Conclusion: Supervised learning algorithms shows ANN model followed by Logistic
regression proved to be effective in predicting the rupture status.And unsupervised
algorithms were used, out of which spectral algorithm grouped anuerysms with a

silhouette score of 0.76 and 0.68 for both types of data.

KEYWORDS: Cerebral Aneurysm, Intracranial Aneurysm, Morphology, Risk

Assessment; Machine Learning Classification Models.
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INTRODUCTION



1. INTRODUCTION

Intracranial aneurysms are relatively common. The true risk arises when an aneurysm
ruptures, resulting in a subarachnoid haemorrhage. However, symptoms from unruptured
aneurysms may be primarily due to a mass effect or thrombosis. Spontaneous subarachnoid
haemorrhage (SAH), a serious condition that can be fatal and result in permanent impairment,
is primarily caused by the rupture of aneurysms. Therefore, it is highly desirable to assess the

aneurysm rupture risk.

The overall 28-day case mortality rate following aneurysm rupture is 42.7 %, and survivors-
dependency rates are about 50 % (Timothy Ingall et al., 2000).About 3.2 percent of adults
(mean age, 50 years) globally have cerebral aneurysms, yet only 0.25 percent
rupture.(Thompson, Brown, Amin-Hanjani, Broderick, Cockroft, Connolly, Duckwiler, Harris,
Howard, SCC lay Johnston, et al., 2015) Treatment recommendations for unruptured
aneurysms requires knowledge about the stability of the aneurysm. According to several
investigators, size is the most crucial factor in determining aneurysm stability.

(kassell1983.pdf, n.d.)

Due to the widespread use of computed tomography angiogram (CTA) and magnetic resonance
angiogram (MRA) during the past few decades, an increase in the number of unruptured
aneurysms has been discovered. Notably, a significant portion of accidentally discovered
aneurysms (<87.6%) have small diameters (<3-4 mm) and are generally
asymptomatic.(Murayama et al., 2016) It is still debatable how to handle patients with small
aneurysms that have not ruptured. Based on the data of the low annual growth and rupture rates
of small aneurysms, some researchers advise patients with aneurysms of 3 mm to not undertake
preventative treatment or imaging follow-up.(Malhotra et al., 2017) However, in reality, acute

catastrophic aneurysmal subarachnoid haemorrhage being the chief concern, small unruptured



aneurysms are frequently treated. Discriminating aneurysm stability is important, especially in
tiny ones, because expanding aneurysms have a higher risk of rupture than those with a constant

size.

Multiple cerebral aneurysms are present in up to 20% of those who have aneurysmal
subarachnoid haemorrhage (SAH).(Hadjiathanasiou et al., 2020) In situations where a patient
has multiple intracranial aneurysms, it is sometimes difficult to identify the aneurysm that has
ruptured. Clinicians rely on results of cranial imaging, such as the pattern of the haemorrhage
in computed tomography (CT) to pinpoint the aneurysm that has ruptured. Based on the CT
findings, including the haemorrhage pattern on side of aneurysm, large irregular shaped
(multilobulated or aneurysm with bleb), the neurovascular team determines which aneurysm
had the highest likelihood of having ruptured.(Hadjiathanasiou et al., 2020)However, in other
instances, when two or more aneurysms are in immediate proximity of cisternal blood and the

bleeding pattern lacks lateralization, it might be difficult to identify the ruptured aneurysm.

We used an advanced statistical/ machine-learning model for the prediction of an aneurysm
rupture, which could help neurovascular teams in such situations. Numerous morphological
factors have been linked to the identification of a ruptured aneurysm, including size ratio, flow
angle, height/width ratio, aspect ratio, and deviated angle(Kashiwazaki and Kuroda, 2013)
Aspect ratio, ellipticity index, non-sphericity index, and undulation index were shown to be
statistically significant between the ruptured and unruptured cases than pure size-based

morphological indices. (Xiang et al., 2011a)

There have also been reports of early uses of artificial intelligence in aneurysm detection, risk
classification, and prediction. To forecast the rupture risks of anterior communicating artery
aneurysms, Liu et colleagues built a 2-layer feed-forward neural network and achieved an

overall prediction accuracy of 94.8 percent. (Liu et al., 2018a)



The purpose of this study was to create a machine-learning model utilising clinical,
hemodynamic and morphological parameters, in order to identify the rupture status of an

intracranial aneurysm. These models might develop to serve as a foundation for clinical

judgement while treating brain aneurysms.
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AIMS AND OBJECTIVES

1)To assess the significance of the morphological and hemodynamic factors in predicting the

rupture status of intracranial aneurysms using statistical and machine learning tools.

2)To apply supervised learning and clustering methods to analyze the data and identify

subgroups with distinct characteristics

3) To apply unsupervised learning and clustering methods to analyze the data and identify

subgroups with distinct characteristics
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REVIEW OF LITERATURE

Multiple well known risk factors are contributing to the formation, growth, and rupture of IAs
such as genetics, age, hypertension, smoking, size, and site of the aneurysms (UCAS Japan
Investigators et al., 2012). However, the actual mechanisms that lead to an aneurysm rupture

are not well understood yet.

Predicting the future behaviour of cerebral aneurysms was the target of several studies in recent
years. When an unruptured cerebral aneurysm is diagnosed, the physician has to decide about
the treatment method. Often more giant aneurysms are diagnosed at higher risk of rupture and
are candidates for intervention. However, several clinical and morphological parameters are
introduced as risk factors. Therefore, some small size aneurysms with a higher growth rate and

rupture risk may be missed.

Treatment method of unruptured aneurysm depends on the aneurysm size. The ISUIA study
and the UCAS study both concluded that size is a significant risk factor for rupture.(UCAS

Japan Investigators et al., 2012; Wiebers et al., 2003)

In both ISUIA and UCAS studies, aneurysms smaller than 7 mm have been associated with

very low risk profiles for rupture(Wiebers et al., 2003)

Aneurysms below the threshold size of 7 mm still account for a noticeable number of

ruptures(Robertson et al., 2015)

Therefore, it is necessary to be aware of the future behavior of the aneurysm. Estimating the
3D flow pattern and stress distribution and predicting the disease's progression trend may be

possible by computational studies.



CFD can help surgeons decide about the best treatment method and prevent unnecessary
interventions.

It is not possible to study the true natural history of UIAs in future prospective follow-up
cohorts.

Risk factors for aneurysmal rupture include aneurysm size and aneurysm site, with higher risks
for larger aneurysms and aneurysms in the posterior circulation (Juvela et al., 2000; UCAS
Japan Investigators et al., 2012; Wiebers et al., 2003).Various other factors like multiple
aneurysms,(UCAS Japan Investigators et al., 2012) female sex,(Wermer et al., 2007) young
age, (UCAS Japan Investigators et al., 2012) and cigarette smoking(Juvela et al., 2000) have

been suggested as risk factors.

The treatment decisions of unruptured [As may improve to a large extent with an accurate
prediction model based on the different types of risk factors aiming to identify patients with a
high risk of aneurysmal rupture.(Detmer et al., 2018) Treatment of unruptured IAs would be
indicated when the risk of rupture from natural history is higher than the risk of treatment and

follow-up.

Despite great progress in methodological developments and many studies using patient specific
data, there are still significant controversies about the precise governing processes and

divergent conclusions from apparently contradictory results.

Dr Jacoba et al undertook a pooled analysis of individual patient data to establish predictors
of aneurysm rupture in patients with unruptured intracranial aneurysms and to provide a risk
prediction chart that allows physicians to easily determine the 5-year risk of aneurysm rupture
on the basis of a set of routinely assessed patient and aneurysm characteristics(Greving et al.,

2014) and proposed PHASES score,( population, hyperten sion, age, size of aneurysm, earlier



aneurysm rupture, site of aneurysm )which is an easily applicable aid for prediction of the risk

of rupture of incidental intracranial aneurysms(Greving et al., 2014)

PHASES aneurysm risk score Points
(P) Population
North American, European (other than Finnish) o
Japanese 3
Finnish 5
(H) Hypertension
No 4]
Yes
(A) Age
<70 years 4]
=70 years 1
(S) Size of aneurysm
<7-0 mm o
7-0-9-9 mm 3
10-0-19-9 mm 6
=20 mm 10
(E) Earlier SAH from another aneurysm
No 4]
Yes

(S) Site of aneurysm

ICA 4]
MCA 2
ACA/Pcom/posterior 4

To calculate the PHASES risk score for an individual, the number of points

d with each indi can be added up to obtain the total risk score. For
example, a 55-year-old North American man with no hypertension, no previous
SAH, and a medium-sized (8 mm) posterior circulation aneurysm will have a risk
score of 0+0+0+3+0+4=7 points. According to figure 3, this score corresponds to
a 5-year risk of rupture of 2-4%. SAH=subarachnoid haemorrhage. ICA=internal
carotid artery. MCA=middle cerebral artery. ACA=anterior cerebral arteries
(including the anterior cerebral artery, anterior communicating artery, and

pericallosal artery). Pcom=p icating artery. posterior=posterior
circulation (including the vertebral artery. basilar artery. cerebellar arteries, and
posterior cerebral artery).

Table 4: Predictors composing the PHASES aneurysm rupture risk score

PHASES n G-year risk of

07 riskscore aneurysm rupture
184 < 429 04(0115)
3 79 07(02-15)
4 53 09(0320)
16 5 982 13(0-8-24)
R 6 078 17(1127)
2 7 BI5S  24(1633
Ey{ ¢ M 32(2344)
g 9 625 432961
g 10 B 530580
4 1 1 B 72(50-102)
g o) 76 178(152207)
"g 10
2
*
{4
o,
¥
g 6
z
4

HH

T T T T T T T T 1
45 6 7 8 ¢ 10 1 D

PHASES risk score

=)

Figure 3: Predicted S-year risk of aneurysm rupture according to PHASES score

10



The overall accuracy of the PHASES risk calculation is 54%, precision 51%, and recall of

54%.(Malik et al., 2023).

Unruptured intracranial aneurysm treatment score( UIATS) by Etminan et al (Etminan et al.,
2015) for management of unruptured intracranial aneyrysm(UIA) given. The scores assigned
to each patient aneurysm or treatment related feature on both management columns of the
scoring form "in favour of UIA repair" and "in favour of UIA conservative management" are
totaled up to determine a management recommendation for a UIA. This will result in two
numerical values, one promoting surgical or endovascular aneurysm repair and the other

recommending conservative care.

When there is a 3 point or more score difference, the direction, i.e the difference between the
estimated numerical values on either side of the recommendation columns, will offer a specific
management proposal (i.e., aneurysm repair or conservative management). The
recommendation is "not decisive" in instances with identical aneurysm treatment and
conservative management scores (2 point difference or less), and any management strategy
may be justified. Each aneurysm must be assessed separately in cases involving multiple

aneurysms, which will lead to individual recommendations for each aneurysm.

11
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Treatment

Age (single)

Risk factor incidence
(multiple)

Clinical Symptoms related to

UIA (multiple)

Other
(multiple)

Life expectancy due to
chronic and/or malignant
Diseases (single)

Comorbid disease
(multiple)

Maximum diameter
(single)

Morphology
{(multiple)

Location
(single)

Other
(multiple)

Age-related risk

(single)

Aneurysm size-related risk
(single)

Aneurysm complexity-related

risk

Intervention-related risk

< 40 years
40-60 years
61-70 years
71-80 years
> 80 years

Previous SAH from a different aneurysm
Familial intracranial aneurysms or SAH
Japanese, Finnish, Inuit ethnicity

Current cigarette smoking

Hypertension (systolic BP > 140 mm Hg)
Autosomal-polycystic kidney disease
Current drug abuse (cocaine, amphetamine)
Current alcohol abuse

Cranial nerve deficit

Clinical or radiological mass effect
Thromboembolic events from the aneurysm
Epilepsy

Reduced quality of life due to fear of rupture
Aneurysm multiplicity

< 5 years

5 - 10 years

> 10 years

Neurocognitive disorder
Coagulopathies, thrombophilic diseases
Psychiatric disorder

=3.9mm

4.0-6.9mm

7.0-12.9 mm

13.0-24.9 mm

=25 mm

Irregularity or lobulation

Size ratio > 3 or aspectratio > 1.6
BasA bifurcation

Vertebral/basilar artery

AcomA or PcomA

Aneurysm growth on serial imaging
Aneurysm de novo formation on serial imaging
Contralateral stenococclusive vessel disease
< 40 years

41-60 years

61-70 years

71-80 years

> 80 years

< 6.0 mm

6.0-10.0 mm

10.1-20.0 mm

> 20 mm

High

Low

Constant®

(Etminan et al., 2015)
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Favors Favors UIA
UIA conservative
repair management

Unruptured intracranial aneurysm treatment score( UIATS) overestimates the treatment
indications of patients of working age and that its specificity for the lifelong occurrence of UTA
rupture is low, and its predictive value in terms of receiver operating curves was modest. The
UIATS recommended UIA treatment for 99% of the patients, but 24% had an aneurysm

rupture(Juvela, 2019).
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The overall accuracy of UIATS risk calculation was 59%, precision 59%, and recall was

59%(Malik et al., 2023).

All the UIATS factors with additional UIA locations and sex were tested with Cox regression
analysis by Seppo Juvela to identify the variables which best predicted a future aneurysm

rupture.(Juvela, 2019).

The best new treatment score consisted of 4 variables: age <40 years (2 points), current
smoking (2 points), UIA size >7 mm (3 points), and location (anterior communicating artery,
5 points; internal carotid bifurcation, 4 points; and posterior communicating artery, 2 points).
Scores of 5 to 12 points were associated with high cumulative UIA rupture rates (16%—60% at
10 years and 49%—80% at 30 years), favoring UIA treatment. Scores of 1 to 4 points (3% at 10
years and 18% at 30 years) favored conservative treatment and needed additional indications

for treatment. Patients with a score of 0 points should not be treated(Juvela, 2019).

The PHASES and UIATS scores may only provide weak assistance in the clinical decision-
making process of aneurysm treatment, particularly when it comes to the prediction of tiny

aneurysms (those less than 5 mm).(Malik et al., 2023).

Because of its ability to deal with any geometry, image based computational fluid dynamics
(CFD) has been progressively used to investigate the role of hemodynamics in the underlying
mechanisms governing the natural history of cerebral aneurysms. It is known that the
hemodynamics of the aneurysm plays a significant role in the pathophysiology of IAs (Cebral

and Raschi, 2013).

13



Recently, computational fluid dynamics has become a popular tool in studying the
hemodynamics of the [As and predicting their rupture risk (Valen-Sendstad and Steinman,
2014). It has also been noticed that several morphological parameters may contribute to the A

rupture.(Kleinloog et al., 2018; Ujiie et al., 2001).

The morphology and growth of intracranial aneurysm are very complex due to the diverse
nature of fluid mechanics. Because of the living nature of blood vessels, mechanical stimuli
are transduced into biological signals, triggering inflammatory cascades leading to blood vessel
wall remodeling. For this reason, cerebral aneurysmal hemodynamics has a significant role in

the aneurysmal biophysical pathogenesis, evolution, and risk of rupture .(Soldozy et al., 2019)

In the current study, machine learning models performed better than conventional statistical
model such as LR. Although machine learning models are powerful, they are often more
complex, which makes them difficult to understand like a “black box.” This is a significant
drawback if machine learning models were to be used in clinical setting. Clear reasoning is
very important in medical decision making, especially for deadly disease such as cerebral
aneurysms. They demonstrated that by using the SHAP method, machine learning models can
be made more interpretable, and the underneath reasoning behind each prediction can be

revealed, which can facilitate its use in clinical setting.(Ou et al., 2020)

Malik et al (Malik et al., 2023) introduce the concept of aneurysmal rupture criticality
prediction(ARCP) and compare how risk factors and risk factor combinations are associated
with aneurysmal rupture. This novel approach to aneurysmal rupture identifies new, high-risk
patterns of rupture and can be used to guide clinical decision making for patients with

nontraditional risks.

14



Their findings suggest that the ML techniques described here are reliable and the fine-grained
location-specific models are more accurate than the global model. Additionally, weighted

ensemble models can improve the accuracy of the global model.

The natural history of intracranial aneurysms consists of three stages: genesis, enlargement,
and rupture. Each phase of the natural history of intracranial aneurysms depends on cell matrix

processes and material properties of the wall.

There is significant controversy regarding the mechanisms responsible for growth and ultimate
rupture of cerebral aneurysms. The controversy can be divided into two main schools of
thought: high flow effects and low flow effects.(Sforza et al., 2009) In each theory, the
hemodynamic environment within the aneurysm interacts with the cellular elements of the wall

to result in a weakening of the wall.

The high flow theory focuses on the effects of elevation of wall shear stress (WSS), which can
cause endothelial injury and thus initiate wall remodeling and potential degeneration. On the
other hand, the low flow theory points to low flows within aneurysms as causing localized
stagnation of blood flow against the wall in the dome, which causes a dysfunction of flow

induced nitric oxide and triggers inflammation processes that lead to wall degradation.

However, because of the practical difficulties associated with measuring hemodynamic

quantities in vivo, it has been difficult to exploit this potentially important information for basic

biologic or clinical studies.

15



CFD for a cerebral aneurysm using the patient specific geometry model was first reported by
DA Steinman et al. in 2003 (Steinman et al., 2003). Their results illustrate the importance of
anatomic realism in determining the resulting flow dynamics, and their techniques serve as the
first key step toward incorporating patient specific fluid dynamic information into a clinical

setting.

Steinman et al(Steinman et al., 2003) observed high speed flow entering the aneurysm at the
proximal and distal ends of the neck, promoting the formation of both persistent and transient
vortices within the aneurysm sac. This produced dynamic patterns of elevated and oscillatory
wall shear stresses distal to the neck and along the sidewalls of the aneurysm. A more practical
limitation of this modeling approach was time required for stimulational, approximately 1 week

was required to run this simulation on an economic, single processor desktop workstation.

Then Shojima et al were able to demonstrate that the average WSS of the aneurysm was
significantly lower than that of the parent vessel.(Shojima et al., 2004). Their results suggest
that in contrast to the pathogenic effect of a high WSS in the initiating phase, a low WSS may
facilitate the growing phase and may trigger the rupture of a cerebral aneurysm by causing

degenerative changes in the aneurysm wall.(Shojima et al., 2004)

Then Tateshima et al studied the flow pattern of a wide necked internal carotid artery-
ophthalmic artery aneurysm by using Doppler velocimetry and particle imaging velocimetry.
They found maximal flow velocities at the inflow and outflow zone at peak systole measuring
46.8% and 24.9% of that in the parent vessel and found that their side-wall aneurysm did not

show a simple flow pattern as previously assumed.(Tateshima et al., 2003)
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The flow patterns of inflow and outflow zones were very difficult to predict based on the
limited flow information provided on standard digital subtraction angiography, even in an

aneurysm with a relatively simple dome shape.(Tateshima et al., 2003).

They emphasize the need for 3D flow studies based on 3D imaging of aneurysm geometry for

better understanding of aneurysmal behaviour after endovascular coil packing.

Hoi et al observed elevated aneurysm WSS and enlargement of impingement zones in sidewall
aneurysms, located at curved arterial segments, when the arterial curvature increased.(Hoi et

al., 2004).

authour postulate that lateral saccular aneurysms located on more curved arteries are subjected
to higher hemodynamic stresses. Saccular aneurysms with wider necks have larger impact
zones. The large impact zone at the distal side of the aneurysm neck correlates well with other
findings, implicating this zone as the most likely site of aneurysm growth or regrowth of treated

lesions.(Hoi et al., 2004)

Meng et al. found that a combination of high WSS and high positive WSS gradient were
associated with vascular and molecular changes that predispose the arterial wall for aneurysm

development(Meng et al., 2007)

They surgically created new branch points in the carotid vasculature of 6 female adult dogs,in
vivo angiographic imaging and computational fluid dynamics simulations revealed in addition
to hemodynamic parameters, many morphological parameters also helpful in predicting risk of

rupture in aneurysm.
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As rupture status predictors, selective morphological quantities such as the aspect ratio, the
aneurysm neck, and the non sphericity index have been proposed.(Raghavan et al., 2005; Weir,
2003).Quantified shape is more effective than size in discriminating between ruptured and

unruptured aneurysms. (Raghavan et al., 2005).

Some studies suggested that morphology variables and hemodynamic parameters are mutually
causal: geometry dictates flow conditions, and flow affects pathobiology, eventually promoting

aneurysm formation, and ultimately affecting the vessel shape (Meng et al., 2014).

Moreover, the authors hypothesized that high magnitudes of WSS drive mural cell-mediated
destructive remodelling, producing small, thin wall translucent aneurysms, whereas low WSS
drives inflammatory cell mediated destructive remodelling, giving rise to giant, thick walled

aneurysms.(Meng et al., 2014).

Hemodynamics is as important as morphology in discriminating aneurysm rupture

status.(Xiang et al., 2011b)

All 3 models morphological (based on size ratio), hemodynamic (based on WSS and oscillatory
shear index), and combined-discriminate intracranial aneurysm rupture status with high AUC

values.(Xiang et al., 2011b).

Few studies employed the logistic regression (ML) model to assess the risk of rupture using

the oscillatory shear index (OSI), the time averaged wall shear stress (TAWSS), and the size

ratio (SR) of the aneurysm(Meng et al., 2014; Xiang et al., 2016)
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Review of literature in last decade
The Morphology of Aneurysm
It is believed that morphological factors of IAs have an essential role in the prediction of

aneurysm rupture.

When Detmer et al. studied 1931 aneurysms, they discovered that the ruptured aneurysms'
aspect ratio (AR), which is the ratio of the maximum perpendicular height to the average neck
diameter (calculated as twice the average distance from the neck centroid to the edge of the

neck), was higher than that of the unruptured aneurysms.(Detmer et al., 2018)

Liu et al. studied the morphological difference in 96 ruptured and 96 unruptured IAs. They
noted that AR in ruptured [As was (1.8+0.7), whereas it was (1.2+0.5) in unruptured IAs (p <

0.001) (Liu et al., 2019).

In their analysis of 79 aneurysms, Huang et al. found that 57 of the ruptured aneurysms showed

substantially high AR (p 0.05) in half of them.(Huang et al., 2018)

However, a different case-control study conducted by Mocco et al. on 57 ruptured aneurysms
(case) and 197 unruptured aneurysms (control) revealed that AR is not a statistically significant

predictor of aneurysm rupture.(Mocco et al., 2018).

Skodvin et al. found that in a case series of 29 ICAs, the median AR before rupture was 1.5

(range, 0.8-4.0), as opposed to 1.9 (range, 0.8-6.7) after rupture (p = 0.008).(Skodvin et al.,

2017).
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Lastly, Zhang et al. discovered that AR is considerably higher in ruptured ICAs (p = 0.004)
after comparing 20 ruptured and 20 unruptured IAs in a cross-sectional investigation.(A. Can

and Du, 2016).

The size ratio (SR) of an aneurysm which is the ratio between maximum aneurysm height and
parent artery diameter is another morphological factor that can be a risk factor of aneurysm
rupture. This association was clearly demonstrated by Detmer et al. in their study, however Liu

et al study .'s indicated that SR had insignificant effect on ruptured IAs.(Liu et al., 2019).

Huang et al. discovered that ruptured aneurysms had significantly high SR (Huang et al., 2018).
Mocco et al. also showed that SR has a significant risk of IA rupture (Mocco et al., 2018).
Therefore, the majority of earlier studies demonstrated that largerer SR, which equals larger

aneurysms, has a higher risk rate of rupture.

Height, which is defined as the maximum perpendicular distance of the dome from the neck

plane, showed no statistical significance in the study conducted by Liu et al. (Liu et al., 2019).
Huang et al study, however revealed a substantial relationship between height and aneurysm
rupture.(Huang et al., 2018).Mocco et al. and Skodvin et al. noted that perpendicular height is
an important predictor for the rupture of [As (Mocco et al., 2018; Skodvin et al., 2017). Zhang
et al. also noticed a significant difference in the maximum height of ruptured aneurysms in
comparison with unruptured ones (Zhang et al., 2014). As a result, the majority of these studies
found a correlation between aneurysm height and the probability of rupture, which might be

utilised as a predictor when evaluating specific individuals.
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The bottle-neck factor is defined as the ratio between width, which is the largest diameter that
is orthogonal to the greatest distance between the neck plane center and any point on the
aneurysm dome, and neck diameter. It is another morphological factor that was studied as a
risk for IA rupture. Detmer et al. noticed a significant relationship between the bottle-neck
factor and the risk of IA rupture(Detmer, Hadad, et al., 2019). Huang et al. also found a
statistically significant link between the bottle-neck factor and ruptured aneurysms in another
study.(Huang et al., 2018). However, this significant relationship could not be seen in the study

by Skodvin et al. (Skodvin et al., 2017).

According to a review article by Ambekar et al., aneurysms containing daughter sacs are more
likely to rupture, with a 1.63 hazard ratio.(Ambekar et al., 2016). Concurrent to these results,
Skodvin et al. noticed in their case series that aneurysms with one or more than one daughter
cyst are more liable for rupture (Skodvin et al., 2017). However, there was no statistically
significant difference in the presence of daughter cysts between ruptured and unruptured

aneurysms.(Liu et al., 2019).

The presence of the daughter sac was not found to be a statistically significant predictor of

aneurysm rupture by Mocco et al.(Mocco et al., 2018).

Other more complicated parameters such as undulation index, aneurysm (inclination) angle,
ellipticity index, non-sphericity index, vessel angle, the relationship among aneurysm neck,
parent artery and daughter branches, daughter artery ratio and lateral angle ratio, height-to
width ratio, bulge location, volume-to-ostium ratio, convexity ratio, isoperimetric ratio have

been studied too as the risk of rupture in unruptured aneurysms but are still not well established.
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Ellipticity index, non-sphericity index and undulation index are a few parameters used to
quantify an aneurysm’s irregular shape. In an attempt to identify the morphologic determinants
of aneurysm rupture status, Xiang et al, found that non-sphericity index, undulation index, and
ellipticity index heavily influenced the discrimination between ruptured and unruptured

aneurysms(Xiang et al., 2011b)

Hemodynamic Factors

Computational fluid dynamics: It is a computational technique that makes streamlines (virtual
vectors) inside a blood vessel and IA by data analysis from CT or MR angiography or rotational
digital subtraction angiography. It is useful for studying fluid dynamics like WSS inside a blood

vessel or ICA (Cebral et al., 2015; Sun et al., 2012).

WSS is the tangential and frictional force exerted by blood flow on the blood vessel wall
(Longo et al., 2017). It is one of the most studied hemodynamic factors as a risk in the
formation, growth, and rupture of IA. Detmer et al. noticed in their study that ruptured IAs
have larger maximum wall shear stress (WSSmax), mean WSS (WSSmean), WSS in the
aneurysm parent vessel (WSSves), and maximum normalized WSS (MWSSnorm).
Interestingly, when normalizing the WSSmean concerning the WSS in the parent artery, it was

significantly lower in ruptured aneurysms (Detmer, Chung, et al., 2019).

In another study, Liu et al. found statistically significant differences between ruptured and
unruptured aneurysms regarding the ratio between WSS maximum (WSSm) of aneurysm and
WSS maximum (WSSm) of parent vessel (pWSSm). However, there was no significant
difference regarding the ratio between WSS average (WSSa) of aneurysm and parent vessel

WSS average (pWSSa) .
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Huang et al. discovered that ruptured aneurysms have larger SAR-TAWSS which is extracted
by an equation from the relationship between time-averaged wall shear stress (TAWSS), which
is defined as the standard time average of each nodal WSS vector magnitude at the wall across

a cardiac cycle (Longo et al., 2017), and aneurysmal surface area (Huang et al., 2018).

Doddasomayajula et al. noted that ruptured aneurysms had more concentrated WSS
distributions and lower minimum WSS (p = 0.003) than unruptured aneurysms
(Doddasomayajula et al., 2017). Kaneko et al. found that the average WSS of the aneurysm
was 1.2 Pa, which was lower than that of the parent artery 4.2 Pa (Kaneko et al., 2018). The
results of the study conducted by Qiu et al. strongly suggest that both high and low WSS were

able to cause a rupture in wide-necked aneurysms (Qiu et al., 2017).

In a meta analysis conducted by Can and Du, there was a positive relationship between high
WSS and aneurysm formation and low WSS and aneurysm rupture of bifurcation aneurysms.
However, this relationship was negative in side wall aneurysms (Anil Can and Du, 2016).
Ruptured aneurysms have a lower minimum WSS than unruptured ones, according to Zhang
et al. (Zhang et al., 2014). Accordingly, there is a big controversy whether high or low WSS
will influence the formation, growth, and rupture of IAs and more sophisticated studies are
needed to analyze this issue. WSS gradient (WSSG) reflects the change in the magnitude of
the WSS vector in the flow direction, concerning the streamwise distance (Longo et al., 2017).
It is used in unruptured [As with complex geometries and/or with arising vessels (Longo et al.,
2017). It can be thought of as the change in WSS along the length of the blood vessel (Dolan

etal., 2013).
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Liu et al. didn't find a statistically significant difference in WSSG between ruptured and
unruptured aneurysms(Liu et al., 2019). Concomitantly Can and Du in their metaanalysis did

not see a significant difference in WSSG between these two groups (Anil Can and Du, 2016).

Oscillatory shear index (OSI) indicates WSS fluctuations magnitude and describes the
tangential force oscillation as a function of the cardiac cycle (Longo et al., 2017). OSI measures
temporal, rather than spatial variation in the flow direction. According to Detmer et al.,
ruptured aneurysms had a considerably higher mean OSI and maximum OSI (OSI max) than
unruptured aneurysms (OSI mean) (Detmer, Chung, et al., 2019). WSSG between ruptured and

unruptured aneurysms was statistically significant, according to Liu et al.(Liu et al., 2019).

Using an equation derived from the link between OSI and aneurysmal surface area, Huang et
al. found that ruptured aneurysms have greater SAR-OSI. (Huang et al., 2018). Aneurysms that
have ruptured, however, do not exhibit significantly different pooled OSI when compared to
aneurysms that have not ruptured, according to Can and Du's meta-analysis of the distribution
of OSI. (Anil Can and Du, 2016). The OSI between ruptured and unruptured aneurysms did

not significantly differ, in study by Zhang et al.(Zhang et al., 2014).

Low wall shear stress area (LSA) indicates the areas of the aneurysm wall exposed to a WSS
value <10% of the mean parent vessel WSS. Liu et al. did not find a statistically significant
difference in low wall shear stress area ratio (LSAR normalized by the dome area) between
ruptured and unruptured aneurysms (Liu et al., 2019). LSA did not reach a statistically
significant difference between ruptured and unruptured aneurysms in the observation of

Doddasomayajula et al. (Doddasomayajula et al., 2017).

24



On the contrary, Qiu et al. found that LSAR was one of the hemodynamic factors predictive of
rupture(Qiu et al., 2017) . The meta-analyses conducted by Can and Du showed significantly
higher LSA in the ruptured IAs (Anil Can and Du, 2016). Similar to this, Zhang et al. also
observed that the ruptured aneurysms had much higher LSA than the unruptured

aneurysms.(Zhang et al., 2014).

There are many other hemodynamic factors under study like relative residence time, gradient

oscillatory number, aneurysm formation indicator, and shear concentration index.

Hemodynamic stressors may trigger an inflammatory cascade in the wall of the blood vessels,
which may influence the thickness of the blood vessel wall and the morphology and thickness
of the wall of TA. Besides, these stressors may induce atherosclerotic changes in the wall of the

blood vessel and IA.

Most of the studies were done on ruptured aneurysms and further studies are needed on

hemodynamics in unruptured aneurysms to assess the risk of rupture.

At clinical practice we routinely encountered a case of subarachnoid hemorrhage with multiple
intracranial aneurysms. Predominance of cisternal bleed was noted on the side of a smaller,
smooth-walled aneurysm, while the aneurysm on the side opposite to the bleed was larger and
irregular in shape. In such situations, there is a felt need for advanced techniques, which can

predict the rupture status of aneurysm
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Figure 2.1- SAH in multiple intracranial aneurysms.

Clinical judgement of the rupture status of an aneurysm relies on multiple factors including a
proper clinical history and review of the angiographic images. Larger and irregular aneurysms
are deemed to have ruptured; but the situation is complicated if there is a mismatch with the

amount of cisternal blood(Bjorkman et al., 2017)

According to a retrospective study, irregular shape was the most important predictor of
aneurysm rupture regardless of size, accounting for 18% of ruptured aneurysms that were under

4 mm and 38% that were over 7 mm.(Lindgren et al., 2016)

The aim of current radiological methods is to diagnosis of cerebral aneurysm and no current
imaging study helps to predict of aneurysm rupture. So there is always need for some

models,which can predict cerebral aneurysm rupture.

As once the aneurysm ruptures, the overall 28-day case fatality rate is 42%(T. Ingall et al.,

2000) , and the dependency rate in survivors is =50% (Alleyne, 2010).
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Despite the minimal risk of rupture, these small aneurysms are being treated because of the
concern of catastrophic aneurysmal subarachnoid hemorrhage. However, no treatment comes
without risks; the overall mortality rate and morbidity 30 days after treatment in patients
without previous hemorrhage are 9.7% and 13.7% in open surgical and endovascular groups,
respectively (DO, 2003). As growing aneurysms are at a high rupture risk compared with those
with stable size (Malhotra, 2017), estimating the aneurysm rupture potential is worthwhile,

especially in small ones.

Possible cause of cerebral aneurysm formation and the role of CFD

The process of aneurysm formation is not fully elucidated, Tanaka et al. proposed that chronic
inflammation of the cerebral arteries is due to genetics and molecular biology which is closely
associated with the pathogenesis of cerebral aneurysm initiation. Blood flow characteristics
were found to affect chronic inflammation of the cerebral arteries, besides smoking, ingesting

alcohol, and decreased estrogen levels (Tanaka, 2018)

W. Kaspera et al. found that degenerative lesions caused by hemodynamic stress play an
important role in cerebral aneurysms initiation. Animal studies showed that exposure to
hemodynamic stress associated with an increased blood flow leads to degenerative changes of
the internal elastic lamina and muscularis media of the arterial wall immediately adjacent to

the apex of bifurcation and aneurysm formation (Kaspera, 2014)

According to Murayama et al., Image-aided computational fluid dynamics provide a better
understanding to identify the mechanism responsible for the formation, growth, and rupture of
aneurysms. These techniques facilitate the possible ways to improve the diagnosis and
evaluation of patients by including morphological information with already available
anatomical data. Also, CFD techniques play a significant role in endovascular treatment

planning and endovascular device designing (Murayama et al., 2019)
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Importance of good quality mesh generation in Imaging Aided CFD:

Marchandise et al. proposed that to imply CFD simulation techniques in patient-specific
geometries robust mesh generation is necessary. The accuracy and efficiency of numerical
methods depend upon the quality of mesh created. Researchers have studied the impact of mesh
quality in patient-specific geometries. Mesh quality parameters such as aspect ratio,
orthogonality, skewness, smoothness, etc indicate whether the mesh is suitable for computation
or not. The presence of badly shaped cells makes an unsuitable mesh and increases the local

effective spatial discretization error (Marchandise et al., 2012).

Study on the implementation of Image Aided Computation Fluid Dynamics (CFD):

High-resolution image is acquired from imaging techniques such as digital subtraction
angiography (DSA) or CT angiography are used to conduct CFD analysis. In CFD analysis of
cerebral aneurysms, Murayama et al. considered blood as a Newtonian fluid with specific
values of density and viscosity. In flow analysis, the flow field was mostly assumed to be
incompressible laminar flow because the Reynolds number (based on vessel diameter and flow
speed) was in the range of several hundred. After applying computational preconditions,
including assumed blood material properties and boundary conditions, the blood flow was

simulated, solving the ‘Navier—Stokes’ equations(Murayama et al., 2019)

Nanduri, Pino-Romainville, and Celik et al., followed the procedure for patient-specific
modelling and characterization of cerebral aneurysms from angiogram images and concluded
that flow patterns are independent of the mean flow velocity and viscosity but are highly
dependent on the geometry. This finding makes the accurate reconstruction of the geometry

more critical (Nanduri et al., 2009)
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MATERIALS AND METHODS
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CHAPTER 3

MATERIALS AND METHODS

Study group:

100 patient-specific cerebral aneurysms ( unruptured, ruptured) were distinguished using
computational modelling and computational fluid dynamics (CFD) simulations. Sixteen
morphological and nine hemodynamic parameters with Three clinical parameters like Age, Sex
and Type of the aneurysm were computed, and their discrete prediction capability was
evaluated using traditional statistical techniques, such as hypothesis testing, confusion matrix,
and accuracy, among others. After evaluating the most significant parameters from the dataset,

selected for predicting rupture status on the machine learning model.

CT angiography images were collected for patients with intracranial Aneurysms treated at
SCTIMST (Sree Chitra Tirunal Institute for Medical Sciences & Technology, Trivandrum)
Hospital. All images collected were examined for suitability to be included in the study.
Hundred consecutive patients with unruptured and ruptured aneurysms datasets with the

aneurysm location, age and gender were collected.

Inclusion criteria :

e All patients with Aneurysm, both bled and unbled will be participants of this study.
e Both sexes.

Exclusion criteria :

e patients with SAH secondary to AVM/ trauma

e Patients who underwent coiling of the aneurysm.
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Workup plan:

GEOMETRY EXTRACTION

The patient-specific geometry can be extracted with Clinical imaging techniques (CT or MRI)
and Computational resources. All collected images were examined for suitability to be included
in the study. Only cases whose 3D images were of sufficient quality after accurate segmentation
and reconstruction were included as CFD analysis critically depends on accurate 3D geometry.
All 100 aneurysms ( 36 Unruptured and 64 Ruptured )were reconstructed from CTA or DSA

using the open-source software called a slicer.

It is extremely important to accurately and effectively analyze the morphological
characteristics for modelling patient-specific geometry. Figure 3.1 describes the steps involved

in converting medical imaging raw data to geometry extraction.
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Medical image segmentation refers to extracting the desired object (organ) from a medical

image (2D or 3D), which can be done manually, semi-automatically or fully automatically.

Angiograms are extracted from different imaging techniques like Computerized Tomography
(CT), DSA. This medical image data is in the form of 2D planes. Depending on the imaging
technique used,enhancements are carried out before segmentation. The segmentation output is
in the form of (.STL) file, which can be directly imported into mesh creation software like
ICEM CFD and mesh is generated. The patient-specific realistic geometry obtained is used

further for CFD studies.

3D reconstruction in surface-triangulation format and isolation of the region of interest
(Aneurysm+ adjacent vessels) were performed using open-source software 3D Slicer
(SLICER, Harvard University, NIH) and MeshLab (MESHLAB, ISTI - CNR). To allow
accurate geometric measurements of both the aneurysm and parent vessel, they were
computationally separated at the Aneurysm neck using cutting tools in ANSYS ICEM CFD

software (ANSYS, Inc., Canonsburg, PA) and ParaView.

The Aneurysm neck plane was defined as the plane intersecting the location from where the
aneurysmal sac pouched outward from the parent vessel. The 3D geometries and simulations
were then analyzed to provide various morphologic and hemodynamic parameters using [ICEM
CFD, ParaView (Sandia National Laboratories, Kitware Inc.) and Pyradiomics (Open-Source

Python Package).
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Fig 3.1 - Flow Chart conversion of medical imaging raw data to realistic geometry model.

Morphological Parameters

The aneurysm dome region symbolises the weaker portion of the wall (and a probable site for
rupture), and hence is our major region of interest from the medical images. Thirteen
morphological parameters were extracted. The illutstration shown below 3.1 is taken from the

work done in lab. at [IT Chennai.
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Parameter

Dome Height (mm)

Dome Perpendicular Height (mm)
Dome Width (mm)

Neck Diameter (mm)

Parent Vessel Diameter (mm)
Inflow Angle (degrees)
Surface Area (mm®)

Volume (mm?)

Aspect Ratio

Size Ratio

BottleNeck Ratio

Neck to Parent Vessel Ratio

Area to Volume Ratio

Method of Extraction (Tools)

Paraview + ICEM CFD

Paraview + ICEM CFD

Paraview + ICEM CFD

Paraview + ICEM CFD

Paraview + ICEM CFD

ICEM CFD

ICEM CFD

ICEM CFD

Derived Parameter

Derived Parameter

Derived Parameter

Derived Parameter

Derived Parameter

Table 3.1: Morphological parameters
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Figure 3.2: Illustration of morphology parameter’s definition

The following definitions for the morphological parameters were adapted from the works by

Dhar et al (S et al., 2008) and Raghavan et al. (Raghavan et al., 2005)

Maximum Dome Height: The Maximum Dome Height refers to the greatest distance between

the centroid of the aneurysm neck plane and any point located on the dome of the aneurysm.

Dome Perpendicular Height: The Aneurysm Size, also known as the Maximum Dome
Height, is defined as the maximum perpendicular distance between the aneurysm dome and the
neck plane. It represents the largest distance from the centroid of the neck plane to any point

on the aneurysm dome, indicating the overall size of the aneurysm.

Neck Diameter: Aneurysm Neck Diameter is defined as the average diameter of the neck plane
of the aneurysm. In cases where the neck plane has an irregular shape, this parameter is

computed by averaging multiple measurements taken at different points along the neck plane.
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Dome Width: The Dome Width is defined as the maximum diameter of the aneurysm dome
when measured in a plane that is perpendicular to the neck plane. If there is no bulge or

protrusion beyond the neck plane, then the Dome Width is equal to the Neck Width.

Parent vessel diameter: Parent Vessel Diameter is defined as the average diameter of the
artery comprising the parent vessel of the aneurysm. This measurement represents the average
size of the artery from which the aneurysm originates. Based on the above-described

parameters, the following ratio-based parameters were computed:

Aspect Ratio (AR): The Aneurysm Aspect Ratio is defined as the ratio between the
perpendicular height of the aneurysm dome and the width of its neck. This parameter has been
widely used in various morphological studies and serves as a measure of the elongation of the
aneurysm. It provides valuable information about the shape and geometry of the aneurysm,

helping to characterize its elongation or roundness.

Dome Neck Ratio: It is defined as the ratio of maximum dome height to neck width.

Bottleneck Ratio: The Bottleneck Ratio is defined as the ratio between the dome width and
the neck diameter of an aneurysm. This ratio can range from 1 to infinity. In cases where the
ratio is significantly greater than 1, it indicates an obstruction to the flow of blood into the
aneurysmal sac. This abnormality in the bottleneck ratio suggests abnormal hemodynamics,

potentially implying a higher risk of complications or rupture.

Neck Width to Parent Vessel Width Ratio: The ratio of the neck width of the aneurysm to
the parent vessel diameter. A higher ratio suggests a relatively narrower neck compared to the
parent vessel diameter, which can result in altered blood flow patterns and potentially affect

the risk of rupture or other hemodynamic abnormalities within the aneurysm.
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Further, the Aneurysm Dome Surface Area and Aneurysm Dome Volume were computed using

Ansys ICEM CFD — where the dome represents the part of the aneurysm above the neck plane.

Hemodynamic Parameters

In the study, unstructured meshes consisting of tetrahedral components were generated for each
3D model of the aneurysm using ANSYS ICEM CFD software. Near-wall prism layers were
included in the mesh to ensure accurate resolution of the boundary layer. The numerical
solution of the unsteady, incompressible Navier-Stokes equations was performed using
OpenFOAM, a software package developed by CFD Direct Ltd. The simulations were
conducted under pulsatile flow conditions to mimic the pulsating nature of blood flow. The
aneurysm wall was assumed to be rigid, and the following boundary conditions were applied:
no-slip conditions at the wall and zero pressure at the outlet. The blood was mathematically
represented as a Newtonian fluid with a density of 1060 kg/m3 and a viscosity of 0.0035 Ns/m2.
To ensure numerical stability, three pulsatile cycles were simulated. The output scalar and
vector fields were analyzed using the data from the last cycle for each scenario. This analysis
allowed for the examination of various flow parameters and characteristics within the

aneurysm.

The following definitions for the hemodynamic parameters were adapted from the work by

Sheikh et al. (2020)

Wall Shear Stress (WSS) : The Wall Shear Stress (WSS) refers to the tangential stress exerted
by the frictional force of blood flow on the inner wall of a blood vessel. In the case of pulsatile
flow, the time-averaged WSS (TAWSS) was calculated by integrating the magnitude of WSS

at each node over the entire cardiac cycle. The formula for TAWSS is:
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I
TAWSS = — / |wss;| dt
T Jo

Where wssi represents the instantaneous shear stress vector, and 7 represents the duration of
one cardiac cycle. TAWSS provides an evaluation of the average WSS over the entire cardiac

cycle and is typically measured in Pascals (Pa). Normal values for TAWSS range from 1.5 to

10 Pa.
Parameter Method of Extraction (Tools)

Mean Wall Shear Stress (meanWSS) OpenFOAM
Mean pressure (Pmean) OpenFOAM
Wall shear stress gradient (WSSG) OpenFOAM
Time Averaged Wall Shear Stress (TAWSS) OpenFOAM
Gradient oscillatory number (GON) OpenFOAM
Relative residence time (RRT) OpenFOAM
Oscillatory Shear Index (OSI) OpenFOAM

Table 3.2: Hemodynamic parameters

The calculation is based on the accurate time-averaged magnitude of the shear stress vector at
each point on the vessel wall. The meanWSS, on the other hand, refers to the averaged WSS
(already time-averaged) over the dome area, which is the entire luminal surface of the aneurysm
sac. It provides an average measure of WSS within the dome area. WSSG, or Wall Shear Stress
Gradient, measures the change in WSS magnitude in the direction of flow. It is calculated by

taking the spatial derivative of WSS with respect to the streamwise distance. The time-averaged
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WSSG is then further averaged over the dome area to provide an average measure of the WSS

gradient within the aneurysm. Pmean is the mean pressure across the dome.

Oscillatory Shear Index (OSI): The Oscillatory Shear Index (OSI) is a nondimensional
parameter that describes the extent of oscillation in the flow path during a pulse flow calculated

as the directional change of Wall Shear Stress (WSS) throughout the cardiac cycle.

The formula for OSI is as follows:

1 JOT ’wssidt‘
OSI=-41—"F———
2 Jo |wss;| dt

Here, wssi represents the shear stress vector, and 7 represents the duration of one cardiac cycle.
The numerator of the equation computes the absolute integral of the shear stress vector over
the cardiac cycle, while the denominator calculates the integral of the absolute magnitude of
the shear stress vector over the same duration. It ranges from 0 to 0.5, where 0 represents steady
flow and 0.5 indicates intense oscillation. OSI is commonly used to assess the disturbance of
the flow field in the aneurysm wall. The OSI is then averaged over the dome area, which
encompasses the entire luminal surface of the aneurysm sac. This provides an average measure

of the disturbance in the flow field within the aneurysm.

Relative residence time (RRT): RRT is an important hemodynamic parameter used to
characterize the distribution of blood flow near the vortex within the aneurysm and quantify
the residence time of blood cells circulating in proximity to the aneurysm wall. It serves as a
measure of disturbed flow. RRT is calculated using the time-averaged Wall Shear Stress (WSS)

vector magnitude and the Oscillatory Shear Index (OSI). The formula for RRT is as follows:
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1 1
(1=2x0SN) x WSS LI|Tyg S,—dt‘

RRT =

RRT has the capability to quantify and differentiate between regions of the aneurysm wall that
are thin or thick. The variations in RRT values across different wall regions provide insights
into the disturbed flow patterns and potentially help identify areas of higher risk within the

aneurysm.

Gradient oscillatory number (GON): GON is a hemodynamic indicator used to quantify the
distortion of tangential forces exerted by blood flow on the vascular wall in the context of
cerebral aneurysm initiation. It operates under pulsatile flow conditions and ranges from 0 to
1. GON is a non-dimensional parameter that reflects the degree of temporal fluctuations in the

spatial Wall Shear Stress Gradient (WSSG) vector within one cardiac cycle. The formula for

GON is as follows:
i Gt

GON =1 — P —
Jy 1Gldt

G is the spatial WSS gradient vector, and 7 is the duration of one cardiac cycle. GON provides
a measure of the different flow pattern conditions experienced by the vascular wall over a

complete cardiac cycle.
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Supervised learnings

Supervised learning is the types of machine learning in which machines are trained using well
"labelled" training data, and on basis of that data, machines predict the output. Supervised
learning can be separated into two types of problems when data mining—classification and

regression:

Classification uses an algorithm to accurately assign test data into specific categories. It
recognizes specific entities within the dataset and attempts to draw some conclusions on how
those entities should be labelled or defined. Common classification algorithms are linear
classifiers, support vector machines (SVM), decision trees, k-nearest neighbour, and random

forest, which are described in more detail below.

Regression is used to understand the relationship between dependent and independent
variables. It is commonly used to make projections, such as for sales revenue for a given
business. Linear regression, logistical regression, and polynomial regression are popular

regression algorithms.

The machine learning classification is a two-step process: the learning and prediction steps.
The model is developed based on given training data in the learning step. In the prediction step,

the model predicts the response to given data.
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Decision Tree Algorithm

The Decision Tree algorithm comes under the family of supervised ML algorithms. The
decision tree algorithm is quite efficient in regression and classification problems. Using a
Decision Tree is to create a training model that can predict the class or value of the target
variable by constructing simple decision trees with the most crucial parameter at the top
(training data).

In a Decision tree, there are two nodes: the Decision Node and Leaf Node. Decision nodes are
used to make decisions and have multiple branches, whereas Leaf nodes are the output of those
decisions and do not contain any further branches.(Decision Tree Algorithm in Machine

Learning - Javatpoint, n.d.)
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N\ e e e e e |
Leaf Node Leaf Node

Fig 3.3- Decision Tree Algorithm

In Decision Trees, class labels are predicted by starting from the tree root. We compare the
values of the root attribute with the record's attribute. We take the branch corresponding to that

value and then shift it to the next node based on the comparison.
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Support Vector Machine
Support Vector Machine or SVM is a very popular method in Supervised Learning algorithms,

which can be used for Classification and Regression problems.

The goal of the SVM algorithm is to produce the best line or decision boundary that can be
segregated in the n-dimensional space into different classes so that a new data point fits well
into one of the class clusters. This best line boundary that separates out data best is called the
hyperplane. SVM chooses the extreme points/vectors that help in creating the hyperplane.
These severe cases are called support vectors, and so this algorithm is called the Support Vector
Machine. The diagram below shows the two different categories that are classified using a

decision boundary or hyperplane:(Support Vector Machine (SVM) Algorithm - Javatpoint,

n.d.)
@A Maximum &
Margin Positive
Hyperplane
Maximum
Margin
Hyperplane

Support
Vectors

>
O

Negative Hyperplane

Fig 3.4- Support Vector Machine Classifier
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K-Nearest Neighbours

K-Nearest Neighbour is one of the simplest Machine Learning algorithms belonging to the
family of Supervised Learning techniques. The k-NN algorithm can be used for classification
and regression. K-NN algorithm assumes the similarity between the new case/data and
available cases and puts the new case into the most similar category to the available ones. K-
NN algorithm stores all the available data and classifies a unique data point based on the
similarity. When new data appears, it can be easily classified into a good suite category using
the K- NN algorithm.

K-NN is a non-parametric algorithm, which means it does not make any assumptions on
underlying data. It is also called a lazy learner algorithm because it does not learn from the
training set immediately instead, it stores the dataset, and at the time of classification, it acts
on the dataset. KNN algorithm at the training phase stores the dataset, and when it gets new

data, it classifies that data into a much similar category to the latest data. (GeeksforGeeks,2017)

~—Category 2

0 = 'j“':' new data point

category 1

Fig 3.5- K-Nearest Neighbor
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Random Forest Algorithm

Random Forest is a popular machine learning algorithm that belongs to the supervised learning
technique. It can be used for both Classification and Regression problems in ML. It is based
on the concept of ensemble learning, which combines multiple classifiers to solve a complex

problem and improve the model's performance.

As the name suggests, "Random Forest classifier contains several decision trees on various
subsets of the given dataset and takes the average to improve the predictive accuracy of that
dataset." Instead of relying on one decision tree, the random forest takes the prediction from

each tree and, based on the majority votes of predictions, predicts the final output.

Since the random forest combines multiple trees to predict the class of the dataset, some
decision trees may predict the correct output while others may not. But together, all the trees
predict the correct output. Therefore, below are two assumptions for a better Random Forest

classifier:

* There should be some actual values in the feature variable of the dataset so that the classifier
can predict accurate results rather than a guessed result.

* The predictions from each tree must have very low correlations.

One of the most essential features of the Random Forest Algorithm is that it can handle the
data set containing continuous variables and categorical variables. The more significant
number of trees in the forest leads to higher accuracy and prevents the problem of

overfitting.(Machine Learning Random Forest Algorithm - Javatpoint, n.d.)
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Fig 3.6- Random Forest Algorithm
XGBoost

XGBoost is a decision-tree-based ensemble Machine Learning algorithm that uses a gradient
boosting framework. For small-to-medium structured/tabular data, decision tree-based

algorithms are considered performant algorithms.

XGBoost is an implementation of Gradient Boosted decision trees. In this algorithm, decision
trees are created in sequential form. Weights play a vital role in XGBoost. Weights are assigned
to all the independent variables, which are then fed into the decision tree, which predicts
results. The weight of variables predicted wrong by the tree increases, and these variables are
then fed to the second decision tree. These individual classifiers/predictors then ensemble to
give a strong and more precise model. It can work on regression, classification, ranking, and

user-defined prediction problems.
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The term "gradient boosting" comes from "boosting" or improving a single weak model by
combining it with several other weak models to generate a collectively robust model. Gradient
boosting is an extension of boosting where the process of additively developing weak models
is formalized as a gradient descent algorithm over an objective function. Gradient boosting sets
targeted outcomes for the next model to minimize errors. Targeted outcomes for each case are

based on the gradient of the error (hence the name gradient boosting) for the prediction.

XGBoost is scalable and highly accurate Implementation of gradient boosting pushes the limits
of computing power for boosted tree algorithms, built mainly for energizing machine learning
model performance and computational speed. With XGBoost, trees are built in parallel. It
follows a level-wise strategy, scanning across gradient values and using these partial sums to
evaluate the quality of splits at every possible split in the training set(NVIDIA Data Science

Glossary, n.d.)

Unsupervised Learning

Unsupervised learning is a type of machine learning in which models are trained using

unlabeled dataset and are allowed to act on that data without any supervision.

k-Means Algorithm

The k-means algorithm is a widely used unsupervised learning method for clustering data.
Given a dataset X = {xi,...,x,} in a d-dimensional Euclidean space R’ the goal is to find ¢

cluster centers 4 = {ay,...,a.} .
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The algorithm iteratively minimizes the k-means objective function J(z,4) =
n ¢ r 2 . . . . . . .

D it Dkt ik |[Ti — ax , Where z = [zi]axc 1S @ binary variable indicating whether data point

x; belongs to cluster k. The k-means algorithm updates the cluster centers and memberships

based on the following equations Sinaga and Yang (2020):

n
Cluster center update: _ 2ui=1*ikTi

a = L=l
k D ie1 Zik

1
Membership update: ZEy ! if [xi — ak” = min1<k<c |xi — ak|2

©0, otherwise

Here, |x; — ai| represents the Euclidean distance between data point x; and cluster center a;. By
iteratively updating the cluster centers and memberships, the k-means algorithm aims to find
the optimal cluster assignments that minimize the objective function, leading to meaningful
clustering of the data. The number of clusters k is decided by the elbow method which is

discussed in the further sections. This algorithm works best when we have globular clusters.

The k-means technique has a number of advantages, including its ease of use, scalability, and
efficacy in clustering huge datasets. It can also be used to find natural groupings or patterns in
data without prior understanding of the underlying structure. However, this method has
noteworthy issues, including sensitivity to initial cluster centres and a tendency to converge to

a local minimum rather than the global minimum.
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DBSCAN Algorithm

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is a density-based
clustering algorithm that overcomes some limitations of the k-means algorithm. Unlike k-
means, DBSCAN does not rely on the mean value of cluster elements, but instead identifies
clusters based on the density of data points. DBSCAN operates under the assumption that
clusters are dense regions in space separated by areas of lower density. It defines clusters as
groups of data points that are closely packed together, while regions with lower density are

considered noise or outliers.

One advantage of DBSCAN is its ability to handle clusters of arbitrary shape and size. It is not
restricted to spherical clusters like k-means. Additionally, DBSCAN does not require prior
knowledge of the number of clusters (k) in the data, as it automatically detects clusters based
on density. DBSCAN works by defining a neighborhood around each data point and identifying
core points, which have a sufficient number of neighboring points within a specified distance.
It then expands clusters by connecting core points to their neighboring points, forming dense

regions. Data points that do not belong to any cluster are considered outliers or noise.

By utilizing the concept of density, DBSCAN provides robust and flexible clustering, making
it particularly useful for datasets with irregular or unknown cluster structures, and eliminating

the need to predefine the number of clusters.
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For DBSCAN algorithm, there are two parameters € and minPts Nagesh Singh Chauhan (2022,

https://www.kdnuggets.com/2020/04/dbscan-clusteringalgorithm-machine-learning.html)

1. € - maximum distance between points for them to be considered neighbors

2. minPts - The minimum number of points (a threshold) to form a dense region (cluster)

The basic algorithmic steps are as follows:

1. Select an arbitrary point from the dataset.

2. Check if there are at least minPts points within a distance of € from the selected point.

If there are, mark all these points as part of the same cluster.

3. Expand the cluster by recursively repeating the neighborhood computation for each

neighboring point, considering only points that have not been assigned to a cluster yet.

4. Continue this process until no more points can be added to the cluster.

5. Select another unvisited point from the dataset and repeat the process until all points

have been visited.

6. Any points that were not assigned to a cluster are considered outliers or noise.

€ and minPts are chosen and derived from the number of dimensions (D) and the distance plot.
The distance plot is a plot of distance to the k = minPts — 1 nearest neighbor ordered from the
largest to the smallest value. Usually, we take minPts >= D+1 and € as the value which provides
the elbow in the distance plot for clustering . In our study, the parameters obtained were e=0.5

and minPts = 8.
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Spectral Clustering

Spectral clustering is a popular algorithm used for clustering data points based on the similarity
of their features. It utilizes spectral graph theory to transform the data into a lower-dimensional
space and perform clustering in that space. There is no assumption about the shape/form of the
clusters. The purpose of spectral clustering is to group together data that is linked but not

necessarily compact or clustered inside convex bounds.

The basic operations of the algorithm are as follows Ng et al. (Ng et al., 2001)

The given set of points S in R can be clustered into k subsets using the following steps:
2
. . - Ay = exp (—Egl) if i #
1. Form the affinity matrix 4 € R"", where” P ot ) 17 7 and 4;= 0.
This matrix measures the similarity between pairs of points based on their Euclidean distance.

2. Define the diagonal matrix D such that the (i,i)-element is the sum of the i-th row of

matrix 4. Construct the matrix L = D™ 24D ™.

3. Find the & largest eigenvectors x,x3,...,x; of matrix L (chosen to be orthogonal to each
other in the case of repeated eigenvalues). Stack these eigenvectors in columns to form the

matrix X = [x1,x,...,.x] € R™.
4. Create matrix Y by re-normalizing each row of matrix X to have unit length,

i.e., Yij = Xij/qPj Xij2.

5. Treat each row of matrix ¥ as a point in R"and cluster them into & clusters using an
algorithm such as k-means or any other distortion-minimizing algorithm.
6. Assign the original point s;to cluster j if and only if row i of matrix Y was assigned to

cluster j.
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By following these steps, the spectral clustering algorithm leverages the affinity matrix, the
graph Laplacian, and the spectral embedding to effectively cluster the data points into subsets

based on their similarities in the lower-dimensional space.

Unlike k-means, the spectral clustering algorithm can identify clusters which are not enclosed
within convex boundaries and also identifies groups among connected datapoints. All the 3
algorithms mentioned above, have been used for cluster analysis on our data making use of

python libraries.
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RESULTS AND ANALYSIS
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CHAPTER -4

RESULTS and ANALYSIS

The number of females are slightly more in the study compared to males. Unruptured
aneurysms have an equal split with respect to gender, while there are more females with
ruptured aneurysms. According to the data, most of the aneurysms were found in adults
between the ages of 40 to 70 and the average age was 52 years 3.3. All of the 8 patients who
had smoking habits were having ruptured aneurysms. 25 out of 35 patients who were diagnosed

with hypertension had ruptured aneurysms.

Rupture Status

Ruptured  Unruptured ™
Sex Female/Male 26/38 18/18 44/56
Total 64 36 100

Table 4.1: Demographic information based on gender

The blood flow to brain and locations of aneurysms are illustrated in fig 4.2. In our data, ACOM

aneurysms were more in number (35+) followed by MCA, PCOM and other types.
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Distribution of Age
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Figure 4.1: Distribution of patient age

(a) Blood supply to the brain

Figure 4.2: Brain blood supply schematics illustration. The frontal view provides a depiction
of the arteries that supply blood to the brain, while the top view illustrates the Circle of Willis

and the branching pattern of arteries. Figure taken from Jain and Siegen (Jain, 2016)
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Aneurysm Locations
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Figure 4.3: Distribution of aneurysm locations

Statistical Analysis

Descriptive Statistics
13 morphological parameters were extracted from for all the 100 cases. Aneurysm volume was
the attribute with the highest range and variance, closely followed by area. A total of 87 samples

were available for calculation of 7 hemodynamic parameters during the study, of which 60

were ruptured. Wall Shear Stress parameters were having the highest range and variances.
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Hypothesis Testing

The Mann-Whitney U-test is used to compare the differences between two independent groups
when the dependent variable is ordinal or continuous but not normally distributed. It is often
viewed as the nonparametric equivalent of the Students T-test, but Mann—Whitney U-Test is
used with nonparametric data (typically, ordinal data) whereas the Student’s t-Test for
Independent Samples is used with data that meet the assumptions associated with parametric

distributions.

The Morphological Parameters

N  Minimum Maximum  Mean Std. Deviation
Dome Height 100 0.86 22.33 6.3264 4.82242
Dome Perpendicular Height 100 0.75 21.13 5.5377 4.40643
Dome Width 100 1.66 28.05 7.5726 5.41668
Neck Diameter 100 1.66 21.78 6.2407 3.66305
Parent Vessel Diameter 100 0.85 10.06 3.0966 1.26282

Inflow Angle 100 79 176 138.4069 21.68978
Surface Area 100 4.03 6113.31  362.0303 768.19536

Volume 100 5.3 14875.9 677.02 1983.67151
Aspect Ratio 100 0.29 2.54 0.8398 0.33863

Size Ratio 100 0.3 2.65 0.9563 0.35612
BottleNeck Ratio 100 0.66 2.02 1.1603 0.24962
Neck/ParentVessel Ratio 100 0.57 4.55 2.0068 0.79588
Area/Volume Ratio 100 0.25 7.56 1.573 1.24008

Table 4.2: Analysis on morphological parameters
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Hemodynamic Parameters

N Minimum Maximum Mean  Std. Deviation

MeanWSS 87 0.15 81.85 5.4942 11.80468
TAWSS 87 0.19 85.95 6.4025 12.68596
OSI 87 0 0.09 0.0216 0.01645
RRT 87 0.02 11.12 1.4313 2.1898
WSSG &7 0.02 26.11 1.7182 3.82386
GON 87. 0.01. 30. 1.5989. 3.92629
Pmean  87. 0.03 5.46 0.5969. 0.8434

Table 4.3: Analysis on hemodynamic parameters

Mann—Whitney U-Test is used when we have data that deviate from acceptable distribution
patterns, or for when there are noticeable differences in the number of subjects in the two
comparative groups MacFarland et al. The major assumptions for carrying out a Mann-
Whitney test are that the two groups must be independent and that the dependent variable is

ordinal or numerical (continuous) (Bilker and Wang, 1996)

Let Xj,..., X, be an i.i.d. sample from X, and Y3,...,Y,, an i.i.d. sample from Y, and both samples

independent of each other. The corresponding MannWhitney U statistic is defined as:

m

=YY S (XY

i=1 j=1

’

with
[{ ifX> Y
S(X,Y) = { 1
ifX=Y
l? ifX<Y
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This U statistic is then compared to standard tables and the significance values are found. From
the histogram plots of all the variables, most of them were evidently not following a normal
distribution, and there sample sizes are different (n1 = 64,n2 = 36). Hence we can proceed to
use the Mann-Whitney U-test. In this study, our null hypothesis states that there is no
correlation between rupture status and input parameters. Unequal variances were assumed. The

tests were performed using the IBM SPSS Statistics software.

A p-value of less than 0.05 indicates that the difference of medians of the parameters for
ruptured and unruptured aneurysms are statistically significant. Hence we can conclude that
morphological parameters like Dome Height, Neck Diameter, Parent Vessel Diameter, Inflow
Angle, Surface Area, Volume and Aspect Ratio are significant for the analysis. Hemodynamic
parameters exhibited less significant differences in ruptured and unruptured aneurysms, with

the most significant parameter being RRT followerd by GON, MeanWSS and OSI.
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Mann Whitney U Test - Morphology

0.05
0.133
0.157
0.044
0.026
0.042
0.047

0.038
0.048

0.205

Ruptured (n = 64) Unruptured (n = 36)
Mean Std.Dev Mean Std.Dev Significance (pvalue)

Dome Height 6.1068 4.74226 6.7062 5.00093
Dome Perp. Height 5.1903 4.19025 6.1386 4.75631
Dome Width 7.3302 5.30284 7.9919 5.65736
Neck Diameter 6.1434 3.71534 6.4092 3.61516
Parent Vessel Dia 3.0348 1.40798 3.2034 0.9706
Inflow Angle 0.8104 0.35862 0.8905 0.29882
Surface Area 0.9455 0.37872 0.975 0.31737
Volume 1.1442 0.25072 1.1883 0.24861
Aspect Ratio 2.041 0.75348 1.9476 0.87195

Size Ratio 140.1428  23.37412  135.4512  18.39945

BottleNeck Ratio 308.5371 805.01962 454.5591 700.89092

Neck/ParentVessel 583.6314 2063.82952 838.557 1853.14971
Area Volume Ratio 1.5793 0.99354 1.5621 1.59499

Table 4.4: Significance test on morphology parameters

0.126
0.219
0.12
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Mann Whitney U Test — Hemodynamics

Ruptured (n = 64) Unruptured (n = 36)
Mean  Std.Dev = Mean Std.Dev Significance (pvalue)

MeanWSS  4.8703 10.07377 6.5665 14.41993 0.061
TAWSS 58526 11.25714 7.3477  14.97525 0.103
OSI 0.0209  0.01682  0.0228 0.01599 0.059
RRT 1.5039  2.09622  1.3064 2.37132 0.048
WSSG 1.6857  3.32968  1.7742 4.60939 0.087
GON 24593 17.51619 0.1201 0.07489 0.053
PMean  0.5366 0.71118  0.7005 1.03674 0.098

Table 4.5: Significance test on hemodynamic parameters

Correlation of Parameters

Pearson’s Linear Correlation Coefficient is defined as

o T@-9m-1)
V-2 - )

where x = mean of the values of the x-variable y = mean of the values of the y-variable x;=

values of the x-variable in a sample y; = values of the y-variable in a sample » = correlation

coefficient

From the correlation plots 4.4, we can clearly see that there are highly linearly correlated
parameters in the dataset. Dome shape charecteristics like height, perpendicular height and
width are highly correlated. Similarly, volume and area are inevitably interusable, All the
derived parameters were correlating with Aspect Ratio. Among the hemodynamic parameters,
all the Wall Shear Stress parameters were found to be highly linked. OSI and RRT were also

correlated linearly
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Figure 4.4: Linear Correlation of morphological parameter
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MACHINE LEARNING APPROACH ( supervised machine learning algorithms)

The process involved conducting ANOVA f tests to identify significant features and utilizing
the Variance Inflation Factor to eliminate correlated parameters among those significant
features. Subsequently, machine learning models such as logistic regression, Random Forest,
XG Boost, Support Vector Machine, Decision Tree, K Nearest Neighbor and artifical neural
networks were trained using the selected parameters to develop the optimal model.

The Machine learning classification model is being used since our model output is in the form

of ruptured or unruptured (binary).

ANOVA f tests

Analysis of variance (ANOVA) uses F-tests to statistically assess the equality of means when

you have three or more groups

The F-statistic is simply a ratio of two variances. Variances are a measure of dispersion, or how

far the data are scattered from the mean. Larger values represent greater dispersion.

Variance is the square of the standard deviation. For us humans, standard deviations are easier
to understand than variances because they’re in the same units as the data rather than squared
units. However, many analyses actually use variances in the calculations.(Editor, n.d.).Despite
being a ratio of variances, We can use F-tests in a wide variety of situations. Unsurprisingly,
the F-test can assess the equality of variances. However, by changing the variances that are

included in the ratio, the F-test becomes a very flexible test.And can use F-statistics and F-tests

to test the overall significance for a regression model, to compare the fits of different models,

to test specific regression terms, and to test the equality of means.
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Fig 4.6 - ANOVA f- Test

From Fig 4.6 we understand that our ML dataset is highly imbalanced with multicollinearity .
Imbalanced data refers to datasets where the target class has an uneven distribution of
observations. For instance, one class label has a very high number of observations, and the
other has a very low. In our case, we have a very high number of ruptured geometries and fewer
unruptured geometries. And To make a robust ML model, it is beneficial to have a large and

balanced dataset with minimal multicollinearity.
That multicollinearity detected by variance inflation factors (VIF)

The inclusion of all parameters leads to redundancy in modeling and interpretation of datasets.
Hence we chose one parameter among a set of highly correlating group. This is achieved by
comparison of their statistical significance, where the most significant parameter is selected for

data analysis.
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A variance inflation factor (VIF) is a measure of the amount of multicollinearity in

regression analysis. Multicollinearity exists when there is a correlation between multiple

independent variables in a multiple regression model. This can adversely affect
the regression results. Thus, the variance inflation factor can estimate how much the variance

of a regression coefficient is inflated due to multicollinearity(/nvestopedia, n.d.)

Removing multicollinearity by using only selected parameters and keeping Variation inflation

Factor under 3 for both morphological and hemodynamic properties.
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Fig- 4.7 VIF for both morphological and hemodynamic factor under 3

66



Principal component analysis (PCA) involves a mathematical procedure that transforms a
number of (possibly) correlated variables into a (smaller) number of uncorrelated variables. It

reduces the dimensionality of the data set and identifies a new meaningful underlying variable.

So we have use principal component analysis performed on Morphologic parameters and

hemodynamic parameters so 16 components are enough to capture the whole variance for both.

70

50

Explained variance (%)
S

30

2 4 6 8 10 12 14 16
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Fig 4.8 - Principal component analysis
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Artificial Neural Networks (ANN)

This algorithms based on brain function and are used to model complicated patterns and
forecast issues. The Artificial Neural Network (ANN) is a deep learning method that arose
from the concept of the human brain Biological Neural Networks. The development of ANN
was the result of an attempt to replicate the workings of the human brain. The workings of
ANN are extremely similar to those of biological neural networks, although they are not

identical. (Kalita, 2022)

ANN algorithm accepts only numeric and structured data.

An Artificial Neural Network (ANN) is a computational model inspired by the human brain’s
neural structure. It consists of interconnected nodes (neurons) organized into layers.
Information flows through these nodes, and the network adjusts the connection strengths
(weights) during training to learn from data, enabling it to recognize patterns, make predictions,

and solve various tasks in machine learning and artificial intelligence.

There are three layers in the network architecture: the input layer, the hidden layer (more than
one), and the output layer. Because of the numerous layers are sometimes referred to as the

MLP (Multi-Layer Perceptron)

It is possible to think of the hidden layer as a “distillation layer,” which extracts some of the
most relevant patterns from the inputs and sends them on to the next layer for further analysis.
It accelerates and improves the efficiency of the network by recognizing just the most important

information from the inputs and discarding the redundant information.
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Fig 4.9- Artificial Neural Network (ANN)

We trained our ANN model with 12 parametrs by keeping Variation inflation Factor under

3 for both morphological and hemodynamic properties to get single output

dense_3 input | input: | [(None, 12)]
InputLayer | output: | [(None, 12)]

'

dense_3 | input: | (None, 12)

Dense | output: | (None, 6)

'

dense_4 | input: | (None, 6)

Dense | output: | (None, 6)

'

dense_5 | input: | (None, 6)
Dense | output: | (None, 1)

Fig 4.10- Layers of Artificial Neural Network model in sequential.
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Results of supervised machine learning algorithms

Accuracy Score- The accuracy score tells the ratio of the predictions correctly predicted over

the total sample size.

In a classification problem involving only two classes, the accuracy score is defined as follows:

Accuracy Score = (True Positive Samples + True Negative Samples) / Total Number of

Samples Given for Prediction

Classifier Accuracy

RandomForestClassifier

SvC

XGBClassifier

DecisionTreeClassifier

KNeighborsClassifier

o

10 20 30 40 50 60 70 80
Accuracy %

Fig 4.11- Average accuracy by machine learning algorithms after removing multicollinearity

for morphological data

Morphological data gives us the maximum accuracy of around 82 % in XGB classifier and K

Neighbors classifier.
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Fig 4.12- Average accuracy by machine learning algorithms after removing multicollinearity

for hemodynamic data

Hemodynamics data gives us the maximum accuracy of around 60 % in Support Vector

Machine and K Neighbors classifier.

When both morphological and hemodynamics parameters was used combinely the results are

described with help of 3 methods

Method 1 gives the results when model is trained using all parameters and showed ANN model

giving maximum accuracy of around 75 %.

Medhod 2 with Uncorrelated parameters(VIF),shows highest accuracy of around 80% for ANN

model and logistic regression.

Method 3 with Principal Component Analysis shows accuracy of more than 70% for ANN

model and logistic regression models

71



B Method1 [l Method 2 Method 3

80
60
40
20
0
ANN Logistic Random XGB Decesion  KNeighbour
Regression Forest Classifier Tree Classifier
Classifier
Models

Fig4.13- Performance of the models,

Method 1- Trained using all parameters, Method 2-Uncorrelated parameters(VIF),Method 3 —

Principal Component Analysis.

So we can conclude that ANN model followed by Logistic regression proved to be effective

in predicting the rupture status.

Unsupervised learning algorithms

Selection of Parameters

As we discussed in Supervised learning algorithms the inclusion of all parameters leads to
redundancy in modeling and interpretation of clusters. Hence we chose one parameter among

a set of highly correlating group.
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This is achieved by comparison of their statistical significance, where the most significant

parameter is selected for clustering analysis.

Morhphological Hemodynamic

Parent Vessel Diamter RRT

Aneurysm Volume GON
Inflow Angle OSI

Neck Diameter MeanWSS
Aspect Ratio

Dome Height

Table 4.6: Selected parameters for clustering based on correlation and statistical significance

Results

All the three algorithms (K-Means,DBSCAN and Spectral Clustering) were producing similar
clustering results. The robustness or efficiency of each algorithm is discussed in the next
section using silhouette coefficient comparison. The results from the spectral algorithm which

gave the most efficient grouping are discussed in this section.

The Python programming language (version 3.9.7; Python Software Foundation, Wilmington,
Del;  https://www.python.org/) and its libraries, Pandas (version 1.3.4;
https://pandas.pydata.org/), NumPy (version 1.20.3; https://www. numpy.org/), scikit-learn
(version  1.0.2;  https://scikit-learn.org/stable/), and matplotlib  (version 3.4.3;
https://matplotlib.org/), were used for all data processing. The programming code was executed
in Jupyter Notebook (version 5.2.2; https://jupyter.org/) using a computer with general

performance (AMD Ryzen 7 5800H central processing unit with 3.50 GHz, 16 cores and 16
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GB of RAM). The final dataset consisted of the parameters mentioned in the above section (6
morphological and 4 hemodynamic). Normalization was done using the min-max scaling

method before applying the algorithms.

Clustering Morphological Data

The elbow method is a technique used to determine the optimal number of clusters, denoted as
K, in a clustering algorithm. It is commonly applied in situations where the number of clusters
is not known beforehand. The elbow method involves calculating the inertia for different values
of K and plotting it against the number of clusters. Inertia measures the compactness of the
clusters by computing the sum of squared distances between each data point and its centroid
within a cluster. A lower inertia indicates that the data points within each cluster are closer to

their respective centroids.

When using the elbow method, the plot of inertia versus K typically shows a decreasing trend
as K increases. This is because increasing the number of clusters allows for more precise fitting
of the data. However, there is a point where the decrease in inertia becomes less significant
with each additional cluster. This point is referred to as the "elbow" of the curve. We can see
that the elbow formation occurs at K = 3 after which there is not much appreciable decrease in
inertia 3.6. Hence we infer that 3 groups of aneurysms are forming based on the morphological

parameters.
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Inertia vs Cluster Number

10

Inertia

Elbow
/

0 2 4 6 8 10
Cluster Number

Fig4.14- Optimal number of clusters using elbow method.

Figure 4.15 represents the cluster formation by using a spider plot. The lines of colour blue,

red and green are representing clusters 0,1 and 2 respectively. 47 aneurysms were grouped in

cluster 0 followed by 45 in cluster 2 and 8 in clusterl

Dome Height(mm) label
—0
—1
—_—2

Aspect Ratio Neck Diameter(mm)

0 0.1 102 0.3 0.4 05 0.6 0.7

/ //

Aneurysm Volume Parent Vessel Diameter(mm)

Inflow Angle(degree)

Fig 4.15: Spider plot of mean values in cluster. The values toward the circumference represents

relatively larger values.
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Cluster 0

Unruptured
(23)
48.9%

Cluster 2 contains the highest proportion of ruptured aneurysms. The samples in that cluster

The split of the clusters with respect to rupture status is shown in figure 4.16

Cluster 2

Unruptured(11)
24.4% .

Cluster 1

Unruptured(2)

25.0%
Ruptured

(24)
51.1%

Ruptured
(34)

Ruptured
(6)
75.0%

Figure 4.16 Rupture status distribution of aneurysms in each cluster

are morphologically small aneurysms with a high inflow anlge. Most of the abnormally large

aneurysms belong to cluster 1 which also has a high proportion of rupture. Almost equal split

of unruptured and ruptured cases were observed in cluster 0 which contained normal sized

samples with relatively low inflow angle. The summary of results are shown in table 4.7

Table 4.7: Mean values of parameters in each cluster and association with rupture status

Clster | Dome | vessel  Aneumsm Nec | lnflew  Aspect  Rupture
g diameter g atio

2 4.64561 2.78931 136.84704 5.20256 156.16093  0.73447

1 17.56010 6.51681 2131.95067 16.36049 @ 139.89449 | 1.37105

0 5.75932 2.90381 896.88968 5.66268 117.39788 | 0.97382  Inconclusive
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Clustering Hemodynamic Data

Hemodynamic parameters also led to formation of 3 clusters 4.17. Figure 4.18 represents the
cluster formation by using a spider plot. The lines of colour blue, red and green are
representing clusters 0,1 and 2 respectively. 63 aneurysms were grouped in cluster 1 followed
by 21 in cluster 0 and 3 in cluster 2. The split of the clusters with respect to rupture status is

shown in figure 4.19

Inertia vs Cluster Number

10

Inertia

Elbow

Cluster Number
Figure 4.17: Optimal number of clusters using elbow method

GON

label
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—_—
—_—2
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\Y /
\ [/
\ | /
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Figure 4.18: Spider plot of mean values in cluster. The values toward the circumference

represents relatively larger values
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Cluster 0 Cluster 1 Cluster 2
Unruptured
_(®)
28.6%

Unruptured
(21)
33.3%

Ruptured
(42)
66.7%

Ruptured
(15)
71.4%

Ruptured
6
 100%

Figure 4.19: Rupture status distribution of aneurysms in each cluster

The hemodynamic data is highly class imbalanced as we only have 27 unruptured samples with
60 ruptured ones. The vast majority (78%) of unruptured aneurysms were grouped in cluster 1
which had low values of all the four hemodynamic parameters. Cluster 2 contained 3
aneurysms with abnormally high RRT and correspondingly low values of Wall Shear Stress,
and all of them were ruptured. The samples in cluster 0 had high values of OSI and GON

parameters and most of them were ruptured. The summary of results are shown in Table 4.8

Cluster GON MeanWwss osl RRT Rs"t';tt‘l:';e
2 0.08333 0.29533 0.02366 10.71633
o 0.20095 9.63540 0.03927 1.16262
1 0.06858 3.70863 0.01407 1.06695 Inconclusive

Table 4.8: Mean values of parameters in each cluster and association with rupture

status
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Cluster Validation and Inferences

Silhouette Score

The efficiency of clustering algorithms can be validated by a metric called Silhouette Score
which checks for the separataion between different clusters and the density of points within a
cluster Shahapure and Nicholas (Shahapure and Nicholas, 2020). Scikit-learn’s silhouette score
function computes the mean silhouette coefficient of all samples. The silhouette coefficient is
calculated by taking into account the mean intracluster distance a and the mean nearest-cluster

distance b for each data point. The silhouette coefficient (s) for a sample is given by

s = (b — a)/max(a,b)

In Figure 4.20 a clustering representation in a two-dimensional space is shown Madeira and
Jacob (Madeira and Jacob, 2022). The interpretation of the silhouette scores in this context is

as follows:

1. A silhouette score close to +1 indicates that the data point is appropriately assigned to

its cluster, suggesting a good clustering result.

2. A silhouette score close to 0 suggests that the data point could potentially belong to

multiple clusters or that its assignment is ambiguous.

3. A silhouette score close to -1 indicates that the data point is likely assigned to the wrong

cluster, indicating a poor clustering outcome.
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Cluster 1

Feature 2

Cluster 2

A

Feature 1

Figure 4.20: Illustration of cluster robustness measure

Silhouette Score

K-Means DBSCAN Spectral Clustering
Morphology 0.65 0.71 0.76
Hemodynamic 0.59 0.44 0.68.

Table 4.9: Cluster validation using silhouette scores. It is clear that the spectral clustering

algorithm has best performance for both morphological and hemodynamic clustering.
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INFERENCES

1. Cluster 2 among morphology parameters point to higher inflow angle being a factor
related to higher rupture status. This inference is aligned with previous studies Baharoglu et al.
, Mo et al.(Mo et al., 2020)where it has been concluded that a significantly more obtuse inflow
angle (> 125°) contributes to rupture and is associated with higher energy transmission to the
dome, which they verified using Computatuional Fluid Dynamics analysis. In our scenario,
these aneurysms were also relatively smaller compared to others in the population. Larger
aneurysms with higher aspect ratio (> 1.2) were also associated with higher rupture status as

inferred from cluster 1, which are in-line with results proposed by Dhar et al.(S et al., 2008).

2. Cluster 1 among hemodynamic parameters which grouped aneurysms with abnormally
high RRT and correspondingly low Wall Shear Stress had 3 aneurysms, all of which were
ruptured. Although in our case it is not entirely conclusive owing to the small sample size of
3, very low WSS (< 1Pa) has earlier been found to be a factor for rupture by previous studies

Miura et al.(Ishida et al., 2021) .
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DISCUSSION
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CHAPTER S
DISCUSSION

Clinical judgement of the rupture status of an aneurysm relies on multiple factors including a
proper clinical history and review of the angiographic images. Larger and irregular aneurysms
are deemed to have ruptured; but the situation is complicated if there is a mismatch with the

amount of cisternal blood.(Bjorkman et al., 2017)

In clinical practice, we sometimes encounter cases of aneurysm in which the judgment of
rupture status is difficult but important to determine the treatment strategy with multiple
intracranial aneurysms. In following images ( Fig 4.21), predominance of cisternal bleed was
noted on the side of a smaller, smooth-walled aneurysm, while the aneurysm on the side
opposite to the bleed was larger and irregular in shape. In such situations, there is a need for

advanced techniques, which can predict the rupture status of aneurysm .

Figure 4.21.- Radiology images of a patient with multiple intracranial aneurysms. Cisternal

blood is dominant on the left side (a), indicated by the red arrow. A small ICA aneurysm is

noted on the left side (b) A large irregular PCom aneurysm is present on the right side (c).
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Sometimes, it can be challenging to determine if a subarachnoid haemorrhage caused by a head
injury or aneurysm rupture occurred in a patient who had been admitted after suffering a head
injury and also had an aneurysm next to the cisternal clots. Similar to the scenario described
above, if the ML models could accurately determine if an aneurysm was ruptured, we could
avoid the surgery of performing on an unruptured aneurysm during the acute posttraumatic
phase. However, in this case, more accurate models need to be developed because the clinical

decision is whether a patient should undergo the surgery.

According to a retrospective study, irregular shape was the most important predictor of
aneurysm rupture regardless of size, accounting for 18% of ruptured aneurysms that were
under 4 mm and 38% that were over 7 mm.(Thompson, Brown, Amin-Hanjani, Broderick,
Cockroft, Connolly, Duckwiler, Harris, Howard, SCC Johnston, et al., 2015)Several
researchers have attempted to apply objective parameters in judging the rupture status of an

aneurysm. Attempts have been made to quantify the irregularity of an aneurysm’s structure.

Ellipticity index, non-sphericity index and undulation index are a few parameters used to
quantify an aneurysm’s irregular shape.In an attempt to identify the morphologic determinants
of aneurysm rupture status. Xiang et al, found that non-sphericity index, undulation index, and
ellipticity index heavily influenced the discrimination between ruptured and unruptured

aneurysms.(Xiang et al., 2011b)

Other morphological parameters of aneurysms have also been linked to rupture risk or rupture
status prediction. These include the Aspect ratio, Dome Neck Ratio, Bottleneck Ratio, and
Neck Width to Parent Vessel Width Ratio. Most of these parameters have been linked to a

rupture potential rather than a rupture status. While these parameters are based on 2-D
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measurements, the indices representing irregularity of aneurysms are based on 3-D

measurements.

Perera R et al (Perera et al., 2020) used morphologic parameters to differentiate ruptured from
unruptured aneurysms. They found that aneurysm size, volume and size ratio ere the best

indicators of rupture status of cerebral aneurysms.

Morphological parameters like Dome Height, Neck Diameter, Parent Vessel Diameter, Inflow
Angle, Surface Area, Volume and Aspect Ratio were found to be statistically significant
discriminators of rupture status in our study and Hemodynamic parameters exhibited less
significant differences in ruptured and unruptured aneurysms, with the most significant

parameter being RRT followerd by GON, MeanWSS and OSI.

These parameters are significantly different for ruptured versus unruptured aneurysms. Due to
the multiplicity of factors considered for the statistical analysis, it is often difficult to use

statistical methods to understand the collective role of these factors.

Ying zhang et al found Irregular shape, larger size, higher aspect ratio, lower WSSmin and

more LSA may indicate a higher risk for their rupture(Zhang et al., 2010),which is similar to

our study.

Other study by Qingyuan liu(Liu et al., 2019) AR, NWSSm, and OSI are considered three

independent risk factors for intraoperative aneurysm rupture, which could serve as predictors.
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Investigators have used machine-learning and deep-learning algorithms to improve the
prediction of rupture status. Tanioka et al (Tanioka et al., 2020) used morphological and
haemodynamic parameters to identify the rupture status of aneurysms. Using machine-learning
they were able to classify ruptured aneurysms using parameters such as projection ratio,
irregular shape, and size ratio. The investigators reported 77% accuracy in predicting the

rupture status of aneurysm(supervised machine learning algorithms).

Detmer et al also used morphological and haemodynamic parameters and compare a previously
developed aneurysm rupture logistic regression probability model (LRM) to other machine
learning (ML) classifiers for discrimination of aneurysm rupture status and found performance
of the LRM was overall comparable to that of the other ML classifiers, confirming its potential

for aneurysm rupture assessment.The accuracy of there model ranged between 76 % to 79 %.

Another study by Dhar et al based morphological parameters that correlate with human
intracranial aneurysm (IA) rupture, logistic regression analysis revealed that size ratio and

undulation index had the strongest independent correlation with ruptured IA (Dhar et al., 2008)

A study by Bisbal et al used morphological and hemodynamic parameters to predicting the

rupture of cerebral aneurysms and after analysing the results with supporting vector machines

offer the best results with accuracy rates as high as 95%.(Bisbal et al., 2011)

Liu et al studied morphology of ACOM aneurysm and ANN model was used predict their

rupture risk and found overall prediction accuracy of 94.8 %.(Liu et al., 2018b)
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Detmer et al trained an aneurysm rupture probability model using logistic group lasso
regression and was able to discriminate between ruptured and unruptured aneurysms with

accuracy of 86%.(Detmer et al., 2018)

We used both supervised and unsupervised machine learning algorithms(K-Means, DBSCAN
and Spectral clustering) to improve our reults. With supervised learning methods our results
shows that ANN model followed by logistic regression proved to be effective in predicting the

rupture status with accuracy of around 80 %.

The unsupervised machine learning algorithms shows that a higher inflow angle, abnormally
large aneurysms and low wall shear stress can be related to higher rupture status which were
consistent with other studies. Spectral algorithm grouped aneurysms with a silhouette score of

0.76 and 0.68 for both types of data.

There are no previous studies in literature with unsupervised machine learning algorithms to

compare the results of our study.

In our study with supervised learning algorithms the accuracy in with only morphologic
variables was higher than that with only hemodynamic parameters. The findings indicate that
morphology of cerebral aneurysms is still important in judging rupture status in the current era
of developing CFD analysis. However, when both morphologic and hemodynamic parameters
classified rupture status as accurate as morphological parameter. However, study by Tanioka
et al showed that adding consideration of hemodynamics to morphologic analysis brings more

accurate classification of rupture status.
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In our study important morphological parametrs like Aspect ratio, bottle neck ratio, dome
height, parent vessel diameter, aneurysm surface area and surface area/volume ratio and
hemodynamic parameters like RRT, mean WSS and p Mean associated with rupture status or

risk.

Tanioka et al, reported projection ratio, irregular shape, size ratio, low shear area ratio, and

oscillatory shear index have correlation with rupture status or risk.

In study by Detmer et al , non-sphericity index (NSI), Gaussian surface curvature, size ratio
(SizeR),ellipticity index (EI), height-to-width ratio (HWR), isoperimetric ratio and aspect

ratios (AR and Aspect) have correlation with rupture status or risk.

In study by Miiller et al Observers (experienced neurosurgeons) assessed the aneurysm
morphology obtained from stereolithography together with the patient's age, sex, and aneurysm
site, and they graded the rupture state by adding their prior knowledge. The accuracy of our
machine learning model with morphological parameters was higher than that of the observers'
judgements, despite the fact that evaluation points of the observers were thought to coincide

with features of morphological parameters.

This fact indicates the characteristics of ML well, in which a simple program with a large
collection of features of ruptured and unruptured aneurysms is enough for an algorithm to

classify rupture status better than human experts

In our study we used both supervised classifications which shows accuracy of around 80 % and

unsupervised classifications of around 76 %.
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In generally the supervised classification is more accurate than unsupervised classification
because the user has control over the classification process and can ensure that training data is

representative of whole dataset.

As there are no previous studies in literature with unsupervised machine learning algorithms to
compare the results of our study. Further studies will be required in the future which can

compare the results of both supervised classifications and unsupervised classifications.

Machine learning-based methods have the potential to influence clinical judgements in
identifying the rupture status of cerebral aneurysm. Information delivered to neurosurgeons/
interventionists could equip them with objective measures to take clinically relevant and
appropriate decisions to intervene. Situations such as those mentioned above, where it is
difficult to decide on the side of emergency surgery could be handled using the results of such

studies.
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Conclusion and Future work
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CHAPTER 6

CONCLUSION AND FUTURE WORK

Supervised and Unsupervised clustering analysis was performed on morphological and
hemodynamic data of cerebral aneurysms of 100 patients. Supervised learning algorithms
shows ANN model followed by Logistic regression proved to be effective in predicting the

rupture status.

Unsupervised clustering like, K-Means, DBSCAN and Spectral clustering algorithms were
used, out of which spectral algorithm grouped aneurysms with a silhouette score of 0.76 and
0.68 for both types of data. From the results, it can be concluded that a higher inflow angle,
abnormally large aneurysms and low wall shear stress can be related to higher rupture status

which were consistent with other studies.

This study has various limitations. A larger database is required to validate these results. Lack
of balance database between ruptured and unruptured aneurysms (significantly more ruptured
cases). The cluster inferences can be further improved and robustness can be achieved once the

above limitations are tackled with sufficient database.
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APPENDIX C - TABLES & SCORES USED IN STUDY

PHASES aneurysm risk score Points
(P) Population

North American, European (other than Finnish) 0

Japanese 3

Finnish 5
(H) Hypertension

No 4]

Yes 1
(A) Age

<70 years 4]

=70 years 1
(S) Size of aneurysm

<7-0mm (4]

7-0-9-9 mm 3

10-0-19-9 mm 6

=20 mm 10
(E) Earlier SAH from another aneurysm

No 4]

Yes 1
(S) Site of aneurysm

ICA [}

MCA 2

ACA/Pcom/posterior 4

To calculate the PHASES risk score for an individual, the number of points
associated with each indicator can be added up to obtain the total risk score. For
example, a 55-year-old North American man with no hypertension, no previous
SAH, and a medit ized (8 mm) p ior circulation aneurysm will have a risk
score of 0+0+0+3+0+4=7 points. According to figure 3, this score corresponds to
a 5-year risk of rupture of 2-4%. SAH=sut hnoid h. hage. ICA=internal
carotid artery. MCA=midd| bral artery. ACA ior cerebral arteries
(including the anterior cerebral artery, anterior communicating artery, and
pericallosal artery). Pc posteri icating artery. p p i

irculation (including the bral artery. basilar artery, cerebellar arteries, and
posterior cerebral artery).

Table 4: Predictors composing the PHASES aneurysm rupture risk score

(Greving et al., 2014)

PHASES n G-year risk of
07 riskscore aneurysm rupture
184 2 429 04(01-15)
3 7 07(02-15)
4 543 09(0320)
16 5 982 13(08-24)
6 1078 17(11-27)
7 Bl 241633
144 8 1m8 32(23-44)
9 65 432961
10 B8 5303580
124 1 384 72(50-102)
) 76 178(152:207)

Predicted probability of aneurysm rupture (%)
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Figure 3: Predicted 5-year risk of aneurysm rupture according to PHASES score
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Patient

Aneurysm

Treatment

Age (single)

Risk factor incidence
(multiple)

Clinical Symptoms related to
UIA (multiple)

Other
(multiple)

Life expectancy due to
chronic and/or malignant
Diseases (single)

Comorbid disease
(multiple)

Maximum diameter
(single)

Morphology
(multiple)

Location
(single)

Other
(multiple)

Age-related risk

(single)

Aneurysm size-related risk
(single)

< 40 years
40-60 years
61-70 years
71-80 years
> 80 years

Previous SAH from a different aneurysm
Familial intracranial aneurysms or SAH
Japanese, Finnish, Inuit ethnicity

Current cigarette smoking

Hypertension (systolic BP > 140 mm Hg)
Autosomal-polycystic kidney disease
Current drug abuse (cocaine, amphetamine)
Current alcohol abuse

Cranial nerve deficit

Clinical or radiological mass effect
Thromboembolic events from the aneurysm
Epilepsy

Reduced quality of life due to fear of rupture
Aneurysm multiplicity

< 5 years
5- 10 years
> 10 years

Neurocognitive disorder
Coagulopathies, thrombophilic diseases
Psychiatric disorder

=3.9mm

4.0-6.9mm

7.0-12.9 mm

13.0-24.9 mm

=25 mm

Irregularity or lobulation

Size ratio > 3 or aspectratio > 1.6
BasA bifurcation

Vertebral/basilar artery

AcomA or PcomA

Aneurysm growth on serial imaging
Aneurysm de novo formation on serial imaging
Contralateral stenoocclusive vessel disease
< 40 years

41-60 years

61-70 years

71-80 years

> 80 years

<6.0mm

6.0-10.0 mm

10.1-20.0 mm

>20 mm

Aneurysm complexity-related High

risk

Intervention-related risk

(Etminan et al., 2015)
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CONTENT CHECKED FOR PLAGIARISM:

INTRODUCTION

Intracranial aneurysms are relatively common. The true risk arises when an aneurysm ruptures,
resulting in a subarachnoid haemorrhage. However, symptoms from unruptured aneurysms may
be primarily due to a mass effect or thrombosis. Spontaneous subarachnoid haemorrhage (SAH), a
serious condition that can be fatal and result in permanent impairment, is primarily caused by the
rupture of aneurysms. Therefore, it is highly desirable to assess the aneurysm rupture risk.

The overall 28-day case mortality rate following aneurysm rupture is 42.7 %, and survivors-
dependency rates are about 50 % (Timothy Ingall et al., 2000).About 3.2 percent of adults (mean
age, 50 years) globally have cerebral aneurysms, yet only 0.25 percent rupture.(Thompson, Brown,
Amin-Hanjani, Broderick, Cockroft, Connolly, Duckwiler, Harris, Howard, SCC lay Johnston, et al.,
2015) Treatment recommendations for unruptured aneurysms requires knowledge about the
stability of the aneurysm. According to several investigators, size is the most crucial factor in
determining aneurysm stability. (kassell1983.pdf, n.d.)

Due to the widespread use of computed tomography angiogram (CTA) and magnetic resonance
angiogram (MRA) during the past few decades, an increase in the number of unruptured
aneurysms has been discovered. Notably, a significant portion of accidentally discovered
aneurysms (<87>6%) have small diameters (<3>, 2016) It is still debatable how to handle
patients with small aneurysms that have not ruptured. Based on the data of the low annual growth
and rupture rates of small aneurysms, some researchers advise patients with aneurysms of 3 mm

to not undertake preventative treatment or imaging follow-up.(Malhotra et al. , 2017) However, in
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APPENDIX D: Patient Information Sheet And Consent Form

( English and Malyalam)

Participant Information Sheet
Title of the study:
Computational Fluid Dynamics based tools to the aid of clinical decision-making

in the management of intracranial aneurysms

Principal Investigator: Dr. Jayanand Sudhir, Dept of Neuro-surgery, SCTIMST
Co-PI: Dr.Bhushan Sadashiv Akhade, Dept of Neuro-surgery, SCTIMST

IEC/841/August 2021

Introduction:

You are being requested to participate in a research study on intracranial aneurysms.
Intracranial aneurysms are out-pouchings of blood vessels in the brain. They pose a
risk for rupture. They may also come to attention due to their pressure effects and
stroke. They may also be incidentally diagnosed during scan for some other reason.
You have undergone evaluation and management of an intracranial aneurysm. We
intend to conduct a study on the images of the angiography done in the institute to
understand the blood flow pattern within the aneurysm. We hope to include 200
patients in this study.

You are being requested to give consent for your angiogram images to be used for this

research study.
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If you take part, what you have to do?

If you consent to participate in the study, a copy of your angiographic images will be
processed to help understand the pattern of blood flow within the aneurysm. Enrolment
into the study does not pose any risk to you. Data regarding the blood flow (blood flow
velocity) and aneurysm characteristics (whether the aneurysm had ruptured or not),
normally obtained during your management will be used for the study. No blood or
other tissue/ biological samples will be collected for the study. No personal details will

be collected. The identifier details in the scans will be masked to conceal identity.

What will be done with the angiography images?

A copy of the angiography images will be used for the study. The images will be
processed using a computer in the institute hospital and transferred to Indian Institute
of Technology, Madras, where further processing of the images will be done to yield

the results.

Will the study influence the outcome of my medical condition?
No. The angiographic images are being requested for submission for research only
after you have been subjected to the standard protocol of management in the institute

hospital. The study will not affect the outcome of your management.

Are there any side-effects or complications of the study?

There are no side-effects or complications in this study. The study involves processing

of the scan images only. No biological samples will be obtained from you for the study.
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Will I benefit from the study?

No. There will be no personal benefit for you from the study. The results of the study
may benefit the society by helping the medical fraternity in understanding intracranial
aneurysms better and influence the management protocol for intracranial aneurysms

in future.

Will you have to pay for the study?

No extra payment will have to be paid by you over the routine cost of management.

Will your personal details be kept confidential?

Upon enrolment, you will be identified in the study by a code. No personal details will
be used for the study. Any detail relating to your identification in the angiography
images will be masked. The results of this study will be published in a medical journal
but you will not be identified by name in any publication or presentation of results.
However, your medical notes may be reviewed by people associated with the study,

without your additional permission.

If you have any further questions, please you can contact Dr. B Jayanand Sudhir (0471-

2524347) or email: bjs@sctimst.ac.in.

In case you have any questions about the ethics approvals for this study, you can
contact the Member Secretary of the SCTIMST-IEC. Phone: 0471 2524689 or email:

lec.mem.sec(@sctimst.ac.in
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Informed Consent form

[ aged

. son/daughter of

+ declare that I have read the above information provide to me regarding the study:

Haemodynamic imaging of 200 cases of intracranial aneurysms using computational fluid

dynamics and have clarified any doubts that I had. []

+ I also understand that my participation in this study 1s entirely voluntary

and that I am free to withdraw permission to continue to participate at any time without

affecting my usual treatment or my legal rights [ ]

+ I understand that my angiography images will be used for the study and that my participation

in the study will not influence the usual course of my treatment 1n the hospital [ ]

+ I also understand that my blood or other biological samples are not being used in the study.

(]

« I permit the study staff and mstitutional ethics committee members to look at my health
records and use the data including images for the study. maintaming confidentiality and not
revealing the patient identity. I agree to this access

+ I understand that the study staff and institutional ethics committee members will not need
my permission to look at my health records even 1f I withdraw from the trial. I agree to
this access [ ]

+ I understand that my identity will not be revealed in any information released to third

parties or published [ ]

+ I voluntarily agree to take part i this study []

« I received a copy of this signed consent form []

Name: Signature:
Date:
Name of witness:

Relation to participant:

Date:

(Person Obtaming Consent) I attest that the requirements for informed consent for the
medical research project described in this form have been satisfied. I have discussed the
research project with the participant and explained to him or her in nontechnical terms all
of the information contained in this mformed consent form, including any risks and adverse
reactions that may reasonably be expected to occur. I further certify that I encouraged the
participant to ask questions and that all questions asked were answered.

Name and Signature of Person Obtaining Consent:
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