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Abstract 

An intracranial aneurysm (IA) is a weakened bulging area in the arteries in the circle of Willis, 

caused due to their destructive remodeling of the blood vessel.1 About 1 in 50 Americans harbors 

an IA, but most aneurysms are largely asymptomatic.2-6 Rupture of an IA is a devastating event, 

which leads to subarachnoid hemorrhage that carries high morbidity and mortality rates.2, 3, 7 To 

avoid rupture of an aneurysm, two treatment strategies are available: surgical clipping and 

endovascular intervention.8-10 In surgical treatment, the site of the aneurysm is accessed through 

the skull of the patient, and a clip is placed around the neck of the aneurysm to remove it from 

the arterial circulation.11 Although it instantaneously excludes the IA, skull-based surgery is 

highly invasive, leading to high risks of complications.12 Alternatively, endovascular therapies 

have emerged in the last 3 decades that aim to exclude the IA from circulation by enabling 

thrombotic occlusion.9, 13-16 Traditionally, endovascular coils, made of platinum wires, were 

deployed inside the IA to enable clot formation and thrombosis of the IA sac. However, coil 

embolization has a high recanalization rate,17 and is not suitable for some challenging aneurysms 

like wide necked aneurysms, giant aneurysms or fusiform type aneurysms. 10 

To treat traditionally challenging aneurysms, a new paradigm called flow diversion using 

highly dense metallic-stents called flow diverters (FDs) was approved by the FDA in 2011.18-23 

Since its approval, FDs have become a mainstay of endovascular intervention of not only the 

traditionally challenging ones, but IAs of all types. Composed of 48 braided wires primarily 

made of cobalt-chromium-nickel alloy and platinum markers, FDs are deployed across the parent 

artery to enable flow stasis inside the IA sac, thus leading to thrombosis and eventual occlusion 

of the IA.24-28 However, despite recent success, clinical reports suggest that FDs fail to heal 

~25% of aneurysms after 6 months of treatment.23 These unsuccessfully FD-treated aneurysms 
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expose the patients at persistent risks of aneurysm rupture and other thromboembolic 

complications.29-33 Therefore, it is important to identify aneurysms that might not heal after FD-

treatment to minimize complications and improve treatment outcomes. Since FD’s primary 

mechanism of healing is by diverting the blood flow away from the aneurysm, I hypothesized 

that the hemodynamic modifications induced by FDs in successfully treated IAs differ from 

those of the unsuccessful ones. 28, 34-40 Additionally, I asked if outcomes of FD-treatment could be 

made based on these differences in hemodynamics, along with aneurysm geometry and FD 

characteristics in patient-specific aneurysms. 

To that end, in this dissertation, I developed and applied a virtual intervention workflow 

for FD-treatment in patient-specific IA models. The first goal was to develop an algorithm that 

could efficiently mimic the clinical deployment of FDs in patient-specific models. Therefore, I 

first developed a virtual stenting workflow (VSW) that could perform FD deployment in 

different patient-specific models within a few minutes.41 The VSW workflow was based on 

simplifying the complex FD wires into a generic rectangular simplex mesh. This simplex mesh 

was then placed inside the parent vessel, and an artificial mathematical force was applied to the 

mesh that attracts it toward the wall of the parent vessel. During this expansion, I also 

incorporated a novel collision detection algorithm that kept the simplex mesh inside the vessel at 

all times. Once the mesh was deployed, FD wire structure was mapped on the simplex mesh and 

swept into 3D wires to baton final deployed FD geometry. The time taken to deploy the FD in 2 

patient-specific IAs was within a minute. I also performed post FD-treatment computational fluid 

dynamic (CFD) simulations to establish a workflow to both deploy FDs and obtain post-

treatment hemodynamics for patient-specific cases. 
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Next chapter involves development of a novel validation methodology for CFD solvers to 

obtain accurate hemodynamics in patient-specific IA models. In this chapter, I performed 2D 

particle image velocimetry (PIV) to obtain experimental flow velocity measurements and 

validated the hemodynamics of our CFD solver STAR-CCM+. During the validation process, I 

developed a novel methodology that identifies all the sources of errors, and identifies the error of 

the solver as the model error, which is isolated to represent the accuracy of the CFD solver itself. 

Based on this validation methodology, the model error in STAR-CCM+ solver was 

5.63%±5.49% on a representative line on a patient-specific IA model.42 

In the third chapter, I investigated if any morphological parameters are associated with 

the clinical outcome of FD-treated IAs. I defined novel morphometric: ostium ratio (OsR) that 

quantified the area of the aneurysmal ostium to the remaining circumferential parent artery. 

Physically, OsR quantifies the fraction of the FD that would be exposed to the aneurysm. I also 

defined a clinically relevant 2D surrogate called the neck ratio (NR), defined as clinical neck 

diameter divided by average parent artery diameter. I calculated these parameters for 63 FD-

treated IA patients at our center, out of which 46 were healed (occluded group) while 17 did not 

occlude (residual group) 6 months after FD-treatment. Among other common aneurysmal 

morphometric like size, neck dimeter, I calculated OsR and NR for these two groups. 

Comparison results showed that only OsR and NR were significantly different between occluded 

and residual groups. Furthermore, ROC analysis showed that OsR was a better classifier than NR 

with an AUC of 0.912, as compared to 0.707 for NR. These novel morphometric are clinically 

important biomarkers that could identify aneurysms that are amenable to FD-treatment.43 

Chapter four shows development of a computational analysis workflow aimed at 

predicting the 6-month outcome of FD-treated IAs. To achieve that, I used previously developed 
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VSW and patient-specific CFD to obtain geometrical, FD-related and hemodynamic features for 

84 FD-treated aneurysm cases at our center. I then trained 4 machine learning (ML) algorithms: 

logistic regression (LR), support vector machine (SVM, linear and Gaussian kernel), k-nearest 

neighbor and neural network (NN). The 84 cases were divided into a training and testing cohort 

of 64 and 20, respectively. For each case, 6 geometrical features (aneurysm size, neck diameter, 

OsR, NR, aspect ratio and size ratio), 2 FD-related (metal coverage rate and pore-density), 4 pre-

treatment hemodynamic parameters (inflow rate, aneurysm averaged velocity, shear rate, 

turnover time) and 4 post-treatment values of the same hemodynamic features were calculated. 

All 4 ML algorithms were then trained using: (1) all 16 features and (2) using only 5 significant 

ones that included OsR, NR, pre-treatment inflow rate and post-treatment inflow rate and 

average velocity. Performance of each model was tested on 20 training cases, which showed that 

among all models, NN and SVM with Gaussian filter with all 16 features predicted the outcome 

with 90% accuracy. At the end of this study, it was concluded that using all 16 parameter 

provides that highest accuracy, and that NN was the best-trained algorithm among all.34 

Now that accurate predictions could be made, the next goal was to make the predictive 

model clinically practical. The predictive model was highly computationally costly, with 

predictions of a new case taking ~24 hours. The main reason for such high computational cost 

was the calculations of post-treatment CFD. In this chapter I investigated the effects of different 

features on predictive models to assess which features are truly necessary for the models. For this 

study, I performed computational analysis to obtain relevant geometrical (G), FD-related (D), 

pre- and post-treatment hemodynamic (U* and T*, respectively) features for 105 FD-treated IAs 

from our center. I then trained 4 sets of NN models on 79 cases in the training cohort with 

following features: (1) GU*DT*, (2) GU*D, (3) GU* and (4) G. When each model was tested on 
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26 cases, model with GU*DT* features had the highest accuracy of 92.31%, followed by GU*D, 

GU* and G (accuracy of 80.77%, 80.77% and 73.08%, respectively). This study shows that 

including post-treatment hemodynamics is very critical to achieve high prediction accuracy. 

This dissertation, presents a novel computational workflow to predict the long-term 

outcome of FD-treated IAs. Furthermore, a feasibility study on 105 patient-cases showed that the 

preliminary predictive model was 92.31% accurate in 6-month outcome prediction in the 

independent testing cohort. This dissertation also provides evidence that it is essential to perform 

post-treatment CFD simulations for accurate outcome predictions. Future studies should aim at 

exploring two potential directions: (1) make the workflow more efficient and (2) validate the 

robustness of predictive models. To achieve efficiency in the workflow, explicit FD-treated CFD 

simulations could be replaced by implicit porous media approximations that will drastically 

decrease the computational efficiency of the workflow. Additionally, pulsatile simulations could 

also be replaced by more efficient steady-state simulations, if similar predictive accuracy could 

be achieved. Second, the predictive models need to be validated on a larger cohort to test for 

their robustness to different IA locations, and patient-data from different medical centers. In 

conclusion, this workflow has the potential to aid the clinicians in a priori prediction of FD-

treatment that will help them test different treatment strategies and optimize the treatment 

accordingly, which could lead to better clinical outcomes of IA patients. 
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Chapter 1: Virtual Stenting Workflow with Vessel-Specific Initialization and 

Adaptive Expansion for Neurovascular Stents and Flow Diverters 

Paliwal et al. Computer Methods in Biomechanics and Biomedical Engineering, 2016. 
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1.1 Abstract 

Endovascular intervention using traditional neurovascular stents and densely braided 

flow diverters (FDs) have become the preferred treatment strategies for traditionally challenging 

intracranial aneurysms (IAs). Modeling stent and FD deployment in patient-specific aneurysms 

and its flow modification results prior to the actual intervention can potentially predict the patient 

outcome and treatment optimization. We present a clinically focused, streamlined virtual stenting 

workflow that efficiently simulates stent and FD treatment in patient-specific aneurysms based 

on expanding a simplex mesh structure. The simplex mesh is generated using an innovative 

vessel-specific initialization technique, which uses the patient’s parent artery diameter to identify 

the initial position of the simplex mesh inside the artery. A novel adaptive expansion algorithm 

enables the acceleration of deployment process by adjusting the expansion forces based on the 

distance of the simplex mesh from the parent vessel. The virtual stenting workflow was tested by 

modeling the treatment of two patient-specific aneurysms using the Enterprise stent and the 

Pipeline Embolization Device (commercial FD). Both devices were deployed in the aneurysm 

models in a few seconds. Computational fluid dynamics analyses of pre- and post-treatment 

aneurysmal hemodynamics show flow reduction in the aneurysmal sac in treated aneurysms, 

with the FD diverting more flow than the Enterprise stent. The test results show that this 

workflow can rapidly simulate clinical deployment of stents and FDs, hence paving the way for 

its future clinical implementation. 

1.2 Introduction 

Endovascular intervention by coil embolization is currently the prevalent treatment 

modality of intracranial aneurysms (IAs) surpassing the traditional open-skull surgery. However, 

in giant, wide-necked and fusiform aneurysms coil-mass effect and herniation prevent the use of 
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coils alone during the intervention. For such aneurysms, neurovascular stents are usually used in 

conjunction with coils 44, where stents are deployed across the aneurysm orifice in the parent 

vessel to prevent coil herniation, while coils induce embolization inside the aneurysm. 

Furthermore, a radically different concept for treating these traditionally difficult aneurysms is 

flow diversion using a densely braided self-expandable stent known as flow diverter (FD) 45. One 

or more FDs are deployed across the aneurysm orifice to divert blood flow away from the 

aneurysm to induce blood stasis and subsequent thrombotic occlusion of the aneurysm as well as 

the reconstruction of the parent vessel 46. Despite increasing success of these endovascular 

intervention strategies, post-treatment complications such as recanalization following stent-

assisted coiling 44, 47, 48 and failure to occlude as well as delayed subarachnoid hemorrhage 

following FD treatment have been reported 30, 45. Therefore, it is crucial to gain a better 

understanding of the intervention and develop means to predict treatment outcome before the 

actual intervention. 

Since both stents and FDs alters aneurysmal flow, treatment outcome is dependent on 

their hemodynamic modification, which in turn is highly dependent on the devices used, how 

they are deployed, as well as the aneurysm and the vessel geometry. Hemodynamic factors such 

as intra-aneurysmal flow velocity, inflow rate and wall shear stress are clinically shown to 

correlate with IA treatment outcomes 49, 50. To increase treatment success and minimize 

complications, it is highly desirable for neurointerventionalists to have the ability to simulate 

various intervention strategies in patient-specific computational models and predict the post-

treatment aneurysmal flow dynamics a priori. Hence, there is a need for a virtual stenting 

method that can rapidly deploy stents and FDs in patient-specific aneurysms in silico, and aid 
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neurointerventionalists to prospectively evaluate different intervention strategies during 

treatment planning. 

The existing virtual stenting methods fall into 3 categories: (1) Direct placement 

methods, which simply bends a uniform stent tube to fit inside the parent vessel (Kim, et al. 

2008, Fu et al. 2010, Tremmel et al. 2010), are not suitable for treatment planning due to grossly 

unrealistic stent or FD geometry and poor stent-wall apposition. (2) Finite element method based 

techniques 51-54, which more realistically simulate the mechanical processes in the deployment 

procedure come at high computation costs that prohibit them from use in routine clinical 

treatment planning. (3) Simplified expansion methods use computationally efficient algorithms 

to expand a surrogate stent surface within the parent vessel (Appanaboyina, et al. 2009, 

Larrabide, et al. 2012) and are most promising as clinical planning tools. Among these, the 

simplified expansion methods offer the highest potential for future clinical implementation 55; 

however they encounter problems in complex patient-specific geometries. In the earliest 

expansion approach a cylindrical surface was geometrically inflated in the parent vessel, where 

the surface crossed the vessel wall in patient-specific geometries, thus requiring a negative force 

to bring it back to within the vessel 56. Larrabide et al. overcame this problem by expanding a 

simplex mesh structure instead of a geometrical surface, and incorporating simplified forces 

among the stent struts and between the stent struts and the parent vessel in their modeling 57. 

However, concerns have been raised on the lack of accuracy of this method in complex tortuous 

vessel geometries 58. In these cases the differences due to the expansion of a simplex mesh 

instead of the actual stent struts are magnified. None of the existing virtual stenting methods 

have been adopted clinically. 
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To bring virtual stenting to the clinical practice, two hurdles have to be overcome: the 

algorithm should be able to handle complex, tortuous cerebral vessel geometry, and the 

workflow should be computationally efficient for prospective clinical application. To this end, 

we develop a virtual stenting algorithm that incorporates two novel features –vessel-specific 

initialization and adaptive expansion – and integrate it onto a virtual stenting workflow that aims 

at facilitating treatment planning of endovascular interventions. In this paper we present a 

technical description of the workflow and test the workflow retrospectively on two patient-

specific IA cases. 

1.3 Methods 

The virtual stenting workflow is built on the concept of a simplex mesh, a generalized 

deformable structure that can expand depending on the relative position of its mesh points. The 

workflow consists of 3 operations on the simplex mesh (1) initialization, (2) expansion in the 

vessel, and (3) stent pattern mapping. The workflow was tested on two patient-specific aneurysm 

geometries, by deploying commercial stents and FDs on these geometries Computational fluid 

dynamic (CFD) analyses was then performed on these cases to obtain pre- and post-treatment 

hemodynamics. 

1.3.1 Virtual Stenting Workflow 

Before the workflow starts, the parent vessel is isolated from the aneurysm using 

Vascular Modeling Toolkit (vmtk), 59. Then the workflow is applied to the parent vessel in three 

steps as shown in Figure 1. A simplex mesh is first generated using a novel vessel-specific 

initialization technique (Step 1). This simplex mesh is then expanded until it apposes to the 
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vessel wall (Step 2) using a novel adaptive expansion algorithm. After the expansion stops, the 

stent or FD pattern is mapped on the deployed simplex mesh to obtain the stent or FD (Step 3). 

Figure 1: Virtual stenting workflow flowchart. 

STEP 1: Simplex Mesh Initialization 

In the first step, a simplex mesh is generated in the parent vessel to represent the stent 

surface prior to its expansion. Traditionally, a crimped mesh (a skinny mesh) with a small 

uniform diameter is placed along the centerline of the parent vessel during initialization as shown 

in Figure 2(a). Although conceptually straightforward, starting with a crimped mesh is 
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computationally expensive to expand the mesh from peri-centerline to the vessel wall (expansion 

is described in Step 2), since the vast majority of expansion iterations cover the free expansion of 

the simplex mesh that does not interact with the vessel until close to the wall. These iterations 

could be eliminated to save computation time. 

Figure 2: Two type of simplex mesh initializations. (a) The commonly used ‘crimped’ or     

small-radius initialization of simplex mesh and (b) vessel-specific initialization of simplex mesh. 

(c) Centerline and maximum inscribed sphere cross-sections in the vessel, used while placing the 

simplex mesh during initialization 

To this end, we introduce a novel approach to vessel-specific simplex mesh initialization 

in patient-specific aneurysm geometries to achieve improved efficiency. The idea is illustrated in 

Figure 2(b). Simplex mesh initialized using vessel-specific initialization skips the majority of 

expansion iterations inherent with the crimped simplex mesh initialization. As shown in Figure 
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2(c), first the maximum inscribed sphere diameter inside the parent vessel along its centerline is 

extracted. Then a series of circles at corresponding cross sections along the vessel centerline are 

placed. The circles are then connected to obtain the simplex mesh. This vessel specific 

initialization is computationally efficient, leaving the actual expansion to only a fraction of 

distance from the wall. 

Step 2: Simplex Mesh Expansion 

Next, the initialized simplex mesh is expanded based on the concept of a deformable 

simplex mesh structure 60. The flowchart of the algorithm is shown in Figure 3. 

The motion of the simplex mesh expansion is governed by a second-order partial 

differential equation 57, 61 : 

𝜕2𝑝𝑖 𝜕𝑝𝑖 𝜌 + 𝛾 = 𝛼𝑓𝑖𝑛𝑡 + 𝛽𝑓𝑒𝑥𝑡,
𝜕𝑡2 𝜕𝑡 

where 𝑝𝑖 is the position of a simplex mesh point, 𝑓𝑖𝑛𝑡 and 𝑓𝑒𝑥𝑡 are internal and external forces, 

respectively. 𝛼 and 𝛽 are the weighting factors for internal and external forces. In each iteration, 

the imbalance between these forces drives the simplex mesh expansion. The first term on the left 

side represents acceleration of the simplex mesh, while the second term represents a damping 

force with 𝛾 being the damping coefficient. This equation is discretized as: 

𝑡+1 𝑡 𝑡)𝑝𝑖 = 𝑝𝑖 + (1 − 𝛾)(𝑝𝑖
𝑡 − 𝑝𝑖

𝑡−1) + 𝛼𝑓𝑖𝑛𝑡(𝑝𝑖
𝑡) + 𝛽𝑓𝑒𝑥𝑡(𝑝𝑖 

where 𝑡 is the current iteration step, 𝑡 − 1 is the previous iterations and 𝑝𝑖 (𝑖 = 1,2,3, … ) 

is a simplex point. Both 𝑓𝑖𝑛𝑡 and 𝑓𝑒𝑥𝑡 are calculated on each simplex mesh point 𝑝𝑖 and varied 

according to the position of 𝑝𝑖 inside the parent vessel. The internal force 𝑓𝑖𝑛𝑡 on a simplex mesh 
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point 𝑝𝑖 is calculated based on its position relative to the neighbors in simplex mesh structure, 

represented by angle force and length force. The external force 𝑓𝑒𝑥𝑡 depends on the location of 𝑝𝑖 

inside parent vessel. The definitions of  𝑓𝑖𝑛𝑡 and 𝑓𝑒𝑥𝑡 have been previously defined 57. To 

stabilize this discretized equation, values of the coefficients must be within certain ranges 56 : 0 

≤α≤ 0.5, 0 ≤β≤ 1 and 0 ≤γ≤ 1. The values that we chose were α = β = 0.02 and γ = 0.5, which 

gave the most realistic expansion results for multiple test cases. 

To eliminate the possibility of simplex mesh crossing the vessel wall during expansion 

and to further speedup the expansion, a response loop, adaptive expansion is embedded in the 

algorithm, in which forces (both external and internal) are modified in each iteration to adapt to 

the current location of the simplex mesh. First a coefficient 𝜑𝑖 is evaluated that keeps track of the 

distance between each simplex mesh point 𝑝𝑖 and the vessel wall (𝑑𝑖): 

1 𝑖𝑓 𝑡 = 1 
𝑡 𝜑𝑖 = { 𝑑𝑖

𝑡 , 
𝑑𝑖

𝑡−1 𝑖𝑓 𝑡 > 1 

where 𝜑𝑖
𝑡 is the ratio of the distance in the current iteration (𝑡) over the distance in the previous 

iteration (𝑡 − 1). 
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Figure 3: Simplex mesh expansion algorithm. 

The initial value of 𝜑𝑖 is equal to 1. As the mesh expands, 𝜑𝑖 decreases progressively. 𝜑𝑖 is 

embedded in the expansion algorithm in force term according to equation: 
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𝑡+1 𝑡 𝐹𝑖 = 𝜑𝑖
𝑡𝐹𝑖 , 

𝑡+1 𝑡 where 𝐹𝑖 and 𝐹𝑖 are total forces in two consecutive iterations. 

The introduction of 𝜑𝑖 in force terms maximizes the speed of the expansion. When the 

simplex mesh is far from the vessel wall, 𝜑𝑖 has a higher value, resulting in large expansion 

force which accelerates the expansion. During later iteration steps when the simplex mesh gets 

closer to the vessel wall, the value of 𝜑𝑖 decreases, resulting in smaller subsequent expansion 

forces giving slower acceleration at small distances. We define a ratio parameter at every 

simplex mesh point to illustrate the effect of adaptive expansion. The ratio parameter 𝑟𝑡 is 

defined as the distance of the simplex mesh from the vessel wall normalized by the initial 

distance 𝑑1: 

𝑟𝑡 = 
𝑑𝑡 

, 𝑤ℎ𝑒𝑟𝑒 𝑡 = 1,2, … ,8. 
𝑑1 

The parameter 𝑟𝑡 is plotted against iteration number in Figure 4, which shows that the simplex 

mesh initially covers large distances and the expansion is fast. When the simplex mesh is close to 

the vessel wall, the expansion slows down. Progressively decreasing expansion forces eventually 

result in containment of the simplex mesh inside the parent vessel during its expansion. 
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Figure 4: Normalized distance of the simplex mesh from vessel wall plotted against the 

iteration number. 

Step 3: 3D Stent Mapping 

After the simplex mesh is deployed in the vessel, the specific stent is generated onto its 

surface in two steps: (1) mapping the stent pattern, which consists of wire curves; (2) sweeping 

the wire curves into 3D stent structures. In the first step, the stent vertex coordinates on the 

deployed simplex mesh are determined according to the stent pattern. Then the vertex 

coordinates are connected to form distinct wire curves. In the second step, these wires curves are 

swept into 3D strut structures to generate the 3D solid stent. For clarity, this process is illustrated 

in Figure 5 on an idealized, undeformed simplex mesh. In the patient-specific virtual stenting 

workflow, the stent mapping is performed on already deployed and distorted simplex mesh. 
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Figure 5: Stent mapping pattern on the deployed simplex mesh, illustrated on an idealized 

cylinder. To illustrate the Enterprise stent model (top), Wire 1 (solid line in insert) is obtained 

from joining vertex coordinates a11, a22,…, a99, and Wire 2 (dashed line in insert) is obtained 

from joining vertex coordinates a19, a28,…, a91.  Wire 1 and Wire 2 are repeated 8 times to 

obtain a total of 16 wires. For the PED pattern (bottom), Wire 1 and Wire 2 are obtained in the 

same manner and repeated 24 times to produce a total of 48 wires. 

As examples, mapping patterns for one porous stent and one FD are coded: (1) the 

Enterprise Vascular Reconstruction Device, commonly referred to as the Enterprise stent 

(Codman Neurovascular, Raynham, MA), and (2) the Pipeline Embolization Device, commonly 
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referred to as the PED (Covidien, Irvine, CA). Both devices are widely used clinically for IA 

treatment. The Enterprise stent is a porous laser-cut stent with a rectangular cross-section of 38.1 

μm x 78.7 μm. It is modeled as overlaying 16 wires to obtain the required mapping pattern on 

the simplex mesh structure, as illustrated in Figure 5. The PED is a densely braided FD with 48 

distinct circular wires of diameter 30 μm each. The PED is obtained by extracting 48 wires from 

the deployed simplex mesh according to the mapping pattern illustrated in Figure 5. 

To obtain the 3D structure for stents, vertex coordinates are obtained by implementing 

mapping patterns on the deployed simplex mesh. These coordinates are then connected to obtain 

wire curves in an in-house python code based on the software Abaqus/Explicit 6.12 (SIMULIA, 

Providence, RI). Wire curves are then swept into 3D structures with appropriate geometry and 

dimensions matching the real devices. The Enterprise stent is swept using a rectangular cross-

sectional base, while the PED is swept using a circular base at the cross-section in the CAD 

program Creo Parametric 2.0 (PTC, Needham, MA). 3D wire structures are placed inside the 

original untrimmed 3D aneurysm geometry and used for CFD analysis (the bottom box in Figure 

1). The virtual stenting workflow codes were developed in MATLAB (R2013a, The Mathworks, 

Natick, MA). 

1.3.2 Aneurysm Geometries 

As test beds, two representative patient-specific 3D aneurysm models were chosen to 

apply the virtual stenting workflow. These include a sidewall aneurysm on the internal carotid 

artery (ICA) (Aneurysm I), and a wide-necked fusiform aneurysm on the basilar artery (BA) 

(Aneurysm II). An Enterprise stent and a PED were deployed on both aneurysm models and 

CFD was performed to evaluate hemodynamics. 
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1.3.3 CFD Modeling 

CFD simulations were performed on Aneurysms I and II using STAR-CCM+ (CD-

adapco, Melville, NY). The second-order finite volume solver was used to solve the flow 

governing Navier-Stokes equations under the conditions of steady-state, incompressible and 

laminar flow. The aneurysm wall was simplified as rigid and blood was treated as a Newtonian 

fluid with a density of 1056 kg/m3 and a viscosity of 0.0035 Pa-s. Inlet velocities were estimated 

based on location of each artery and set to be 0.35 m/s for Aneurysm I (ICA) and 0.29 m/s for 

Aneurysm II (BA). Flow-split outlet condition was specified at the outlets in both simulations. 

Inflow reduction inside the aneurysm dome was calculated at the neck plane. 

1.4 Results 

1.4.1 Virtual Stenting Results 

To illustrate the streamlined virtual stenting workflow, step-by-step results of the 

application of the workflow on Aneurysms I and II are illustrated in Figures 6 and 7. First a 

simplex mesh was initialized using vessel-specific initialization. Then the simplex mesh was 

expanded using the expansion algorithm. Finally, the Enterprise stent and the PED patterns on 

the simplex mesh were mapped, and the wires were swept into 3D structures to obtain the final 

deployed Enterprise stent and PED geometries. 
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Figure 6: Step-by-step results for the application of the virtual stenting workflow on Aneurysm 

I. 
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Figure 7: Step-by-step results for the application of the virtual stenting workflow on Aneurysm 

II. 

Table 1 documents the time required for each step and the overall time of running the 

virtual stenting workflow. Aneurysm II required 37% longer time than Aneurysm I for simplex 

mesh expansion, because its fusiform geometry required a longer stent to cover the aneurysmal 

region, thereby more simplex mesh nodes to expand. Furthermore, compared with the Enterprise 
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stent PED required 50% and 80% longer time to map in Aneurysm I and II, respectively. This 

was because the PED has 48 wires while the Enterprise stent has 16 wires only. 

Table 1: Time performance during each step of virtual stenting workflow on Aneurysms I and 

II. 

Aneurysm I Aneurysm II 

Initialization 0.32 sec 0.33 sec 

Expansion 13.20 sec 18.10 sec 

Stent Mapping 
Enterprise Stent PED Enterprise Stent PED 

0.61 sec 0.92 sec 0.52 sec 0.94 sec 

Total Time 14.13 sec 14.44 sec 18.95 sec 19.37 sec 

1.4.2 CFD Results 

Figure 8 shows flow streamlines results for untreated aneurysms (a, b), after treatment by 

the Enterprise stent (c, d) and the PED (e, f). Both Aneurysms I and II show reduced streamlines 

into the aneurysmal sac after treatment; however, the PED diverted more flow away from the 

aneurysm than the Enterprise stent. Before treatment, Aneurysm I was subjected to jet 

impingement at the distal wall of the neck region. This jet was diminished by the PED as well as 

by the Enterprise stent. The inflow rate in Aneurysm I was reduced by 21% due to the PED and 

12% due to the Enterprise stent. For Aneurysm II, the inflow rate was reduced by 19% and 11% 

respectively. 

1.5 Discussion 

Currently a number of virtual intervention tools are available 51, 56-58, 62, 63 but none has 

been adopted by the clinicians, largely because these tools lack the computational efficiency and 

an easy streamlined structure to be translated to the clinical settings, or are not accurate enough 

to represent the actual deployed stents in patient-specific aneurysms. The current study addresses 
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this problem by developing a virtual stenting tool for neurovascular stents and flow diverters 

aimed at potential clinical use. 

Figure 8: CFD results showing flow streamlines on Aneurysms I and II. (a), (b): Untreated 

aneurysms. (c), (d): After implanting an Enterprise stent. (e), (f): After implanting a PED. 
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The virtual stenting algorithm in this study advances existing simplified expansion 

methods by solving the problem of deployment in tortuous vessels and striking a balance 

between efficiency and accuracy. Vessel-specific initialization uses patient-specific artery lumen 

diameter, and generates a patient vessel-specific simplex mesh for the aneurysm geometry. 

Vessel-specific initialization enables the expansion algorithm to tackle complex tortuous 

geometries. Furthermore, the expansion algorithm uses adaptive expansion to expand the 

simplex mesh, which incorporates the relative location of the simplex mesh inside the parent 

vessel during expansion. The forces are modified in each iteration step to regulate the 

acceleration of the simplex mesh during expansion. Adaptive expansion also decreases the 

computation time by reducing the number of steps required for expansion. Moreover, a workflow 

is developed to integrate the expansion into a computational framework and streamline the entire 

stent modeling procedure. This positions the workflow for easy clinical implementation. 

Although the workflow is developed primarily for application in IAs, it can be applied to 

other similar medical applications. In abdominal aortic aneurysm, the workflow can be used to 

deploy stent grafts by mapping the graft pattern on the simplex mesh. But this workflow cannot 

be used in modeling traditional stents, where the purpose is to expand the arteries by using stents, 

since the blood vessel is assumed rigid in this workflow. 

A limitation of the current study is that material properties and deployment of actual 

stents are not incorporated in the modeling. Instead, a generic simplex mesh is used, which may 

result in unrealistic stent deformation and eventual inaccurate stent wire positioning, especially 

in tortuous cerebral arteries. Also, the mapping of Enterprise stent pattern on the simplex mesh is 

an approximation of the actual Enterprise stent structure. To evaluate the effects of these 

limitations, detailed validation of the virtual stenting workflow will be performed. Although the 
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efficiency of the virtual stenting workflow has been quantified in the current study, future studies 

will aim at the quantification of its accuracy. For post-treatment hemodynamic validation, results 

will be compared with in vitro experimental study using particle image velocimetry in future 

studies. This validation will assess the accuracy of the virtual stenting workflow and its potential 

usefulness as a tool in clinical treatment planning. 

1.6 Conclusion 

A streamlined virtual stenting workflow for in silico neurovascular stent deployment is 

developed in this study. Novel features like vessel-specific initialization of simplex mesh and 

adaptive expansion empowers the workflow with a high-efficiency reliable performance in 

complex patient-specific cerebral arterial geometry, as indicated by its test on two patient-

specific IA cases. This shows that the workflow is promising for clinical integration and 

facilitating treatment planning. 
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Chapter 2: Methodology for CFD Validation for Medical Use: Application to 

Intracranial Aneurysm 

Paliwal et al. ASME Journal of Biomechanical Engineering, 2017. 
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2.1 Abstract 

Computational fluid dynamics (CFD) is a promising tool to aid in clinical diagnoses of 

cardiovascular diseases. However, it uses assumptions that simplify the complexities of the real 

cardiovascular flow. Due to high-stakes in the clinical setting, it is critical to calculate the effect 

of these assumptions in the CFD simulation results. However, existing CFD validation 

approaches do not quantify error in the simulation results due to the CFD solver’s modeling 

assumptions. Instead, they directly compare CFD simulation results against validation data. 

Thus, to quantify the accuracy of a CFD solver, we developed a validation methodology that 

calculates the CFD model error (arising from modeling assumptions). Our methodology 

identifies independent error sources in CFD and validation experiments, and calculates the model 

error by parsing out other sources of error inherent in simulation and experiments. To 

demonstrate the method, we simulated the flow field of a patient-specific intracranial aneurysm 

in the commercial CFD software STAR-CCM+. Particle image velocimetry provided validation 

datasets for the flow field on 2 orthogonal planes. The average model error in the STAR-CCM+ 

solver was 5.63%±5.49% along the intersecting validation line of the orthogonal planes. 

Furthermore, we demonstrated that our validation method is superior to existing validation 

approaches by applying 3 representative existing validation techniques to our CFD and 

experimental dataset, and comparing the validation results. Our validation methodology offers a 

streamlined workflow to extract the “true” accuracy of a CFD solver. 

23 

https://5.63%�5.49


 
 

 

  

  

  

 

  

  

 

 

 

  

  

  

  

 

2.2 Introduction 

Image-based computational fluid dynamics (CFD) has been extensively used in research 

to simulate blood flow in cardiovascular systems.64-67 Recently, there has been an increasing 

interest in using CFD for clinical management of cardiovascular diseases. 68-72 However, because 

of the potential direct impact on patients’ lives, the margin for error in the results of a 

cardiovascular CFD simulation is undoubtedly small. Thus, the accuracy of these CFD-based 

tools must be quantified before their translation into clinic. Unfortunately, there are no guidelines 

specifically tailored to validate CFD solvers in the context of cardiovascular flows. 

Because cardiovascular flows are multi-physics and complex by nature, CFD models of 

these flows generally use simplifying modeling assumptions (e.g., rigid vessel walls and 

Newtonian blood properties)65, 66 to reduce the complexity of the computational model. These 

assumptions affect the performance of the CFD solver, and can potentially affect the simulated 

flow field in the intended cardiovascular system. Evaluating the error in simulation results due to 

these CFD modeling assumptions is crucial for assessing the validity of a CFD solver. However, 

previous CFD validation studies in cardiovascular flows only performed either qualitative or 

quantitative comparisons of simulation results with validation data (generally in vitro 

experimental measurements). 73-76 Directly comparing the simulation and experimental data in 

this way does not provide any information about the CFD solver’s modeling assumptions, and 

thus is not sufficient to validate the accuracy of a CFD solver. Thus, a validation methodology 

that quantifies the performance of a CFD solver by evaluating the error due to the CFD modeling 

assumptions is needed. 

To this end, we developed a validation methodology for CFD that can quantify the error 

due to its modeling assumptions. We adopted and streamlined the concepts of the American 
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Society of Mechanical Engineers Verification & Validation 20 Standard (ASME V&V 20) 77 and 

calculated CFD model error, by parsing out other sources of error in simulation and validation 

datasets. The CFD model error is an estimate of “how good” the assumptions of the candidate 

CFD solver are at simulating the physics of a given flow. 

We applied this validation methodology in a clinically relevant context by simulating 

blood flow in a patient-specific intracranial aneurysm (IA) using the commercial CFD software 

package STAR-CCM+ (v10.02, CD-adapco, Melville, NY). We validated the simulated IA flow 

field against experimental velocity field measurements from 2D particle image velocimetry 

(PIV) in an identical silicone aneurysm model.  From the simulation and experimental results, we 

calculated the validation error and uncertainties to quantify the model error using our validation 

framework. To demonstrate the advantage of using our validation methodology over existing 

validation approaches, 73-76 we applied 3 existing validation techniques to our CFD and 

experimental results, and compared the results from each validation technique with our 

validation results.   

2.3 Methods 

2.3.1 CFD Validation Methodology 

Existing CFD validation studies 74-76, 78 quantify the difference between CFD results and 

validation data as the error in the CFD simulation. However, this difference does not reflect the 

accuracy of the CFD solver. This difference is also affected by other error sources (in both 

simulation and experimental data), and does not capture the error due to CFD solver’s modeling 

assumptions. Let us assume that CFD is used to predict a physical quantity, 𝑇 (where 𝑇 is the 
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true value). The simulation provides a numerical result, 𝑆, as a prediction of 𝑇. The error in 

simulation result (𝛿𝑆) is: 

𝛿𝑆 = 𝑆 − 𝑇 (1) 

Figure 9: Overview of the validation concept with sources of error in round-edged rectangular 

boxes. 𝛿𝑚𝑜𝑑𝑒𝑙 (shaded box, error due to modeling assumptions) represents the 

true accuracy of the simulation model. (A) Generalized sources of errors in a 

computational model and experimental measurements. (B) Sources of errors 

considered while calculating 𝛿𝑚𝑜𝑑𝑒𝑙 based on our example CFD simulation and 

PIV experiments on the IA model. 

As shown in Figure 9, the CFD error (𝛿𝑆) has three sources: 
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1. Numerical error (𝛿𝑛𝑢𝑚), arising from the numerical discretization. 

2. Input parameter error (𝛿𝑖𝑛𝑝𝑢𝑡), error in the CFD result (𝑆) due to the errors in the 

input parameters into the simulation. 

3. Model error (𝛿𝑚𝑜𝑑𝑒𝑙), arising from the CFD modeling assumptions. 

Therefore, the overall simulation error can be expressed as: 

(2)𝛿𝑆 = 𝛿𝑚𝑜𝑑𝑒𝑙 + 𝛿𝑛𝑢𝑚 + 𝛿𝑖𝑛𝑝𝑢𝑡 

Combining Eq. (1) and Eq. (2) gives: 

(3)𝛿𝑚𝑜𝑑𝑒𝑙 = 𝑆 − ( 𝛿𝑛𝑢𝑚 + 𝛿𝑖𝑛𝑝𝑢𝑡 + 𝑇) 

There are two possible scenarios when calculating 𝛿𝑚𝑜𝑑𝑒𝑙, given the numerical prediction 

𝑆. First, the true value of the physical quantity is known. In this case, we need to estimate 𝛿𝑛𝑢𝑚 

and 𝛿𝑖𝑛𝑝𝑢𝑡, and use Eq. (3) to calculate 𝛿𝑚𝑜𝑑𝑒𝑙. Second, the true value 𝑇 is unknown. In this 

case, an in vitro or in vivo validation experiment is required to predict the measured value, 𝐷, for 

the physical quantity. Consequently, the error in experimental measurement (𝛿𝐷) is: 

𝛿𝐷 = 𝐷 − 𝑇 (4) 

Substituting the value of the true value, 𝑇, from Eq. (4) into Eq. (3) gives: 

𝛿𝑚𝑜𝑑𝑒𝑙 = 𝑆 − ( 𝛿𝑛𝑢𝑚 + 𝛿𝑖𝑛𝑝𝑢𝑡 + 𝐷 − 𝛿𝐷) 

which can be rewritten as: 

(5)𝛿𝑚𝑜𝑑𝑒𝑙 = 𝑆 − 𝐷 + ( 𝛿𝑛𝑢𝑚 + 𝛿𝑖𝑛𝑝𝑢𝑡 − 𝛿𝐷) 

where (𝑆 − 𝐷), the difference between CFD results and experimental measurements, is referred 

to as the validation error 𝐸: 
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𝐸 = 𝑆 − 𝐷 (6) 

Thus, Eq. (5) can be written in terms of the validation error (𝐸) as: 

𝛿𝑚𝑜𝑑𝑒𝑙 = 𝐸 − (𝛿𝑛𝑢𝑚 + 𝛿𝑖𝑛𝑝𝑢𝑡 − 𝛿𝐷) (7) 

The terms in parenthesis in RHS can be lumped together and represented by a validation 

uncertainty (𝑢𝑣𝑎𝑙) term. Thus, the model error can be written in terms of validation error and 

uncertainty as: 

𝛿𝑚𝑜𝑑𝑒𝑙 = 𝐸 − 𝑢𝑣𝑎𝑙 (8) 

where: 

𝑢𝑣𝑎𝑙 = 𝛿𝑛𝑢𝑚 + 𝛿𝑖𝑛𝑝𝑢𝑡 − 𝛿𝐷 (9) 

Since all 3 terms in RHS in Eq. (9) are systematic error, and independent of each other,79, 80 

therefore 𝑢𝑣𝑎𝑙 can expressed as the root mean square of their uncertainties as follows: 

(10), 
2 2 2𝑢𝑣𝑎𝑙 = √𝑢𝑛𝑢𝑚 + 𝑢𝑖𝑛𝑝𝑢𝑡 + 𝑢𝐷 

where: 

1. Numerical Uncertainty (𝑢𝑛𝑢𝑚) is the uncertainty due to numerical discretization in the 

CFD solver, 

2. Input Parameter Uncertainty (𝑢𝑖𝑛𝑝𝑢𝑡) is the uncertainty due to input parameters in the 

CFD simulation, and 

3. Experimental Uncertainty (𝑢𝐷) is the uncertainty in the experimental measurements. 

The model error can then be expressed as the combination of 𝐸 and 𝑢𝑣𝑎𝑙 as: 
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𝛿𝑚𝑜𝑑𝑒𝑙 = 𝐸 ± 𝑢𝑣𝑎𝑙 (11) 

Determination of 𝑢𝑛𝑢𝑚, 𝑢𝑖𝑛𝑝𝑢𝑡 and 𝑢𝐷, and eventually 𝑢𝑣𝑎𝑙 as well as determining 𝐸 becomes 

essential in calculating 𝛿𝑚𝑜𝑑𝑒𝑙 as shown by Eq. (11). 

2.3.1.1 Numerical Uncertainty (𝒖𝒏𝒖𝒎) 

The uncertainty in CFD results due to the spatial and temporal discretization of the flow 

domain is called the numerical uncertainty (𝑢𝑛𝑢𝑚). Based on Richardson extrapolation or h-

extrapolation,81, 82 𝑢𝑛𝑢𝑚 is calculated by analyzing the differences in CFD results for 

systematically refined discretization. CFD results for at least two discretization (the so-called 

coarse and fine discretization) are required to evaluate 𝑢𝑛𝑢𝑚. Based on these two discretization, 

the grid refinement factor is defined as the ratio of coarse to fine discretization: 

ℎ𝑐𝑜𝑎𝑟𝑠𝑒 (12)
𝑟 = 

ℎ𝑓𝑖𝑛𝑒 

where ℎ is the representative cell, mesh or grid size for spatial discretization, and time step for 

temporal discretization. 

The difference in 𝑆 in the two discretization is defined as the estimated error (𝑒𝑎), which 

is calculated as: 

𝑒𝑎 = |𝑆1 − 𝑆2| (13) 

where 𝑆1 and 𝑆2 are the results of the output parameter of interest in the coarse and fine 

discretization, respectively. 
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Then, Grid Convergence Index (GCI) and 𝑢𝑛𝑢𝑚 are calculated from 𝑒𝑎, the factor of 

safety (𝐹𝑠) and the expansion factor (𝑘). The recommended values of 𝐹𝑠 and 𝑘 are 1.25 and 

1.15, respectively.77 

𝐹𝑠∙𝑒𝑎 𝐺𝐶𝐼 = (14)
𝑟𝑝−1 

𝐺𝐶𝐼 
=𝑢𝑛𝑢𝑚 𝑘 

(15) 

where 𝑝 is defined as the observed order of the method, and is equal to 1 for systematically 

refined discretization. Equations (12) to (15) are used to calculate the uncertainties due to spatial 

and temporal discretizations.77 

Progressive refinement of the spatial discretization of the flow domain should result in 

convergence of 𝑢𝑛𝑢𝑚, and the converged value of 𝑢𝑛𝑢𝑚 should be used to calculate 𝛿𝑚𝑜𝑑𝑒𝑙. 

Therefore, to demonstrate that the value of 𝑢𝑛𝑢𝑚 converges, we recommend to use at least 4 

consecutively refined meshes, and then calculate 𝑢𝑛𝑢𝑚 on the 3 consecutive mesh pairs in the 

sequence. It is possible that 4 meshes are not enough to observe the convergence of 𝑢𝑛𝑢𝑚. In 

these cases, further grid refinement should be performed to ascertain proper convergence of 

77, 83𝑢𝑛𝑢𝑚. 

2.3.1.2 Input Parameter Uncertainty (𝒖𝒊𝒏𝒑𝒖𝒕) 

Input parameter uncertainty (𝑢𝑖𝑛𝑝𝑢𝑡) is defined as the uncertainty in CFD results due to 

the error in input parameters, and is defined as: 

𝑛 2 (16)
𝜕𝑆 𝑢𝑋𝑖 2𝑢𝑖𝑛𝑝𝑢𝑡 = ∑ (�̂�𝑖 )
𝜕𝑋𝑖 �̂�𝑖 𝑖=1 
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where 𝑢𝑋𝑖 
is the associated standard uncertainty of the input parameter, �̂�𝑖 is the nominal 

𝜕𝑆 
parameter value and 𝑛 is the number of uncorrelated input parameters. The term �̂� is called 𝑖 𝜕𝑋𝑖 

the scaled sensitivity coefficient, which can be calculated by using a second-order central finite 

𝜕𝑆 
difference approximation for the term as follows: 

𝜕𝑋𝑖 

𝜕𝑆 𝑆(𝑋1,𝑋2,…,𝑋𝑖+∆𝑋𝑖,…,𝑋𝑛)−𝑆(𝑋1,𝑋2,…,𝑋𝑖−∆𝑋𝑖,…,𝑋𝑛) 
= (17)

𝜕𝑋𝑖 2∆𝑋𝑖 

2.3.1.3 Experimental Uncertainty (𝒖𝑫) 

The experimental uncertainty (𝑢𝐷) is the uncertainty in the experimental results, a 

consequence of variabilities in the experimental setup. The general methodology used to 

calculate 𝑢𝐷 requires evaluating the uncertainties of the individual measured variables during an 

experiment, and then calculating the overall uncertainty in the experimental results due to 

variations in the measured variables.77 

2.3.2 Example: Validation of CFD Simulation in An Intracranial Aneurysm 

2.3.2.1 IA Model Selection & Phantom Fabrication 

As a test-bed for application of our validation methodology in a cardiovascular blood 

flow model, we chose a representative patient-specific saccular internal carotid artery aneurysm 

with 9 mm diameter. Under institutional review board approval from University at Buffalo, we 

obtained the 3D angiographic image of this patient IA (Figure 10A) recorded at the Gates 

Vascular Institute. We segmented the image using virtual modeling tool kit59 (vmtk) to obtain a 

triangulated surface stereolithographic (stl) geometry of the IA model (Figure 10B). 
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Subsequently, using a 3D printer (Objet Eden 500V, Stratasys Ltd., Eden Prarie, MN), we 

printed a physical model of the IA geometry. Employing the lost wax technique84 on the 3D 

printed geometry, we fabricated an optically-clear silicone (Sylgard 184 elastomer, Dow 

Corning, Midland, MI) cube containing hollow aneurysm-vessel geometry (Figure 10C). 

Figure 10: The patient-specific IA model used for validation of STAR-CCM+ CFD solver. (A) 

3D angiographic image of the IA, (B) surface geometry reconstructed from the angiographic 

image, (C) clear silicone aneurysm phantom fabricated for PIV experiment and (D) 

reconstructed surface geometry from reimaging the silicone phantom. 

2.3.2.2 PIV Setup 

PIV experiments were performed on the IA phantom to obtain planar velocity 

measurements on two orthogonal planes in the IA sac (Figure 11). A blood-mimicking fluid 

(47.4% water, 36.9% glycerol and 15.7% NaI)85 was prepared and fine-tuned86 to match the 

refractive index of the silicone phantom (1.42) to eliminate the refraction of the light sheet. Table 

1 shows properties of the fine-tuned fluid. A flow loop was then set up (Figure 11A) and seeded 
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with 3.2μm neutrally buoyant fluorescent tracer particles. A peristaltic pump (Harvard 

Bioscience, Inc., Holliston, MA) generated physiological waveforms with the duration of a 

cardiac cycle as 0.85 s (heart rate = 70 beats/min). An inline flow probe and a flowmeter (AD 

Instruments Inc., Colorado Springs, CO) were connected upstream to the phantom to record the 

mean flow rate in the loop.87 The recorded data was transferred to a computer using an in-house 

LabVIEW code (National Instruments, Austin, TX). A state-of-the-art PIV system (LaVision 

Inc., Ypsilanti, MI) was arranged next to the flow loop that included a neodymium-doped 

yttrium aluminum garnet (Nd:YAG) laser (LaVision, Goettingern, Germany), with a wavelength 

of 532nm, and a high-speed 16 bit CMOS camera at 5.5 megapixels. The PIV system acquired 

image pairs at 40 time-points in one cycle, with 100 image pairs acquired for each time-point. To 

obtain the velocity vectors, a multi-pass cross-correlation analysis was used on each image pair 

with the interrogation window size of 64x64 pixels in the first pass and 32x32 pixels in the 

second pass. The vectors were then averaged to obtain the time-averaged in-plane velocity 

vectors for the IA model. The PIV experiment was performed on two orthogonal planes: sagittal 

and transverse planes (Figure 11B) to obtain in-plane time-averaged velocity vectors. 

Figure 11: PIV setup and orthogonal planes in the IA model for PIV data acquisition. (A) 

Schematic diagram of the PIV experimental setup, and (B) IA geometry with orthogonal sagittal 

and transverse planes used for PIV flow measurements. The dotted line of intersection of the 

planes was used as the domain of validation (validation line) for the STAR-CCM+ CFD solver. 
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2.3.2.3 CFD Methods 

The IA phantom was re-imaged using a Toshiba Infinix C-arm machine (Toshiba 

Medical Systems Corp., Tokyo, Japan) and accurate surface imaging of the IA model was 

obtained.74 The re-imaged file was segmented into a surface stl file (Figure 9D), and was used to 

perform CFD simulations. The 3D computational domain of the IA model was discretized into 

polyhedral cells, with four prism layers near the wall. A finite volume solver in STAR-CCM+ 

was used to solve the flow-governing Navier-Stokes equations under pulsatile, incompressible 

and laminar flow conditions. The aneurysm wall was assumed rigid with no-slip boundary 

condition, and blood was assumed as Newtonian. Traction-free boundary condition was 

implemented at the outlet of the IA model. We matched the inlet flow rate, flow waveform, 

density and viscosity values with the experiment (Table 2). Each simulation was run for three 

flow waveforms to allow for convergence of the solution, and results from the final waveform 

were used as the solution of the simulation. 

Table 2: Fluid properties and flow conditions. Properties of the blood-mimicking fluid and inlet 

boundary conditions for both the flow loop in the experimental setup and CFD simulations. 

Fluid 

Refractive index 1.42 

Viscosity (cP) 4.15 

Density (kg/m3) 1238 

Inlet flow conditions 

Flow rate (ml/min) 256 

Reynolds Number 358 

Duration of a cardiac 

cycle (s) 
0.85 
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2.3.2.4 CFD Solver Parameter Optimization 

To obtain the optimal parameter settings for the STAR-CCM+ solver, we tested the 

sensitivity of the simulation results to the following CFD parameters: (1) spatial discretization, 

(2) temporal resolution and (3) order of accuracy of the solver discretization scheme. We first 

performed a grid convergence analysis where the IA flow domain was discretized into 10 

different mesh sizes, with number of elements ranging from 69,920 to 12.8 million. Then, we 

performed a temporal resolution analysis on the spatially optimized flow domain, by varying the 

number of time steps from 170 to 2,833 per flow waveform. Finally, the spatially and temporally 

optimized computational flow domain was tested for different orders of accuracy of the spatial 

and temporal discretization of the STAR-CCM+ CFD solver. Six simulations including 

combinations of following spatial and temporal discretization schemes were performed: first and 

second-order implicit unsteady discretization schemes for temporal discretization (1st and 2nd 

order temporal), and first and second-order accurate upwind schemes and third-order accurate 

central differencing schemes (1st, 2nd, and 3rd order spatial). In total, 21 simulations were 

performed on the IA model. In each of these simulations, we monitored average velocity 

magnitude (𝑣𝑚𝑎𝑔) and validation error percentage (𝐸) along the line of intersection of the sagittal 

and transverse planes, matching the planes of PIV imaging. 

2.3.2.5 Validation Analysis 

We applied the validation methodology (Eqs. (6), (10) and (11)) on the simulated flow 

field by STAR-CCM+ CFD solver at the optimized settings. The validation analysis was 

performed on the line of intersection of the sagittal and transverse planes (see Figure 10B) which 

shall be referred to as the validation line. The time-averaged magnitude of velocity in the sagittal 

plane along the validation line was used as the physical quantity to be validated. The validation 
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line was divided into 100 equidistant points (with normalized distance from 𝑥=0 to 𝑥=1), on 

which velocity magnitude (𝑣𝑚𝑎𝑔) from both CFD (𝑆) and experiment (𝐷) were obtained to 

calculate validation error (𝐸 = 𝑆 − 𝐷). 

The numerical uncertainty (𝑢𝑛𝑢𝑚) was calculated using Eqs. (12) to (15) on the 

simulations results for both spatial discretization and temporal resolution. To check for 

convergence of spatial numerical uncertainty, 𝑢𝑛𝑢𝑚,𝑠 (spatial component of 𝑢𝑛𝑢𝑚) was 

calculated for consecutive mesh pairs in the grid convergence analysis up until the converged 

mesh. We then normalized 𝑢𝑛𝑢𝑚,𝑠 by the average experimental velocity magnitude (�̅�𝑚𝑎𝑔,𝑝𝑖𝑣) to 

represent it as the percentage of the average flow velocity magnitude for each consecutive mesh 

pair in the sequence. The uncertainty due to temporal resolution was calculated using the same 

Eqs. (12) to (15) based on the optimal time resolution (fine temporal discretization), and the 

preceding temporal resolution (coarse temporal discretization) from the temporal resolution 

analysis. 

To calculate 𝑢𝑖𝑛𝑝𝑢𝑡, we examined the effect of 4 input parameters on the CFD results: 

density (𝜌), viscosity (𝜇), flow rate (𝑄) and duration of a cardiac cycle (𝑇), also shown in oval 

boxes in Figure 8B. The systematic uncertainties associated with 𝜌, 𝜇 and 𝑇 were based on 10 

separate experimental measurements, while the uncertainty in 𝑄 was obtained from the 

specifications of the flowmeter (Table 3). Based on the nominal values and systematic 

uncertainties of each input parameter, two simulations were performed by perturbing the input to 

the simulations (�̂�𝑖 ± 𝑢𝑋𝑖 
). The results of these simulations were used to calculate scaled 

𝜕𝑆 
sensitivity coefficient ( ) using Eq. 17. Equation 16 was then used to calculate overall 𝑢𝑖𝑛𝑝𝑢𝑡 𝜕𝑋𝑖 
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that includes contributions from all four input parameters. Eight simulations were performed, 2 

each for density, viscosity, flow rate and duration of a cardiac cycle to calculate 𝑢𝑖𝑛𝑝𝑢𝑡. 

The experimental uncertainty (𝑢𝐷) was calculated using the correlation statistics 

algorithm88 in the LaVision DaVis 8.1 software. The term 𝑢𝐷 included uncertainty in velocity 

measurements due to factors like background noise, out-of-plane particle motion, inaccurate 

focusing of the camera and non-homogenous seeding density of particles during the PIV 

experiment.89 

Table 3: Input parameter uncertainty analysis. Results of the average input parameter 

uncertainty (𝑢𝑖𝑛𝑝𝑢𝑡) analysis. 𝑋𝑖 represents the corresponding input parameters to the CFD 

simulations, with 𝑢𝑋𝑖 representing their systematic uncertainties obtained from the experiments. 

The nominal values of the parameters were taken from Table 2. The scaled sensitivity 
𝜕𝑆 

coefficients (�̂�𝑖 ) calculated for each input parameter is also shows, which was fed into Eq. 
𝜕𝑋𝑖 

(16) to calculate 𝑢𝑖𝑛𝑝𝑢𝑡. 

Input parameter (𝑿𝒊) 
Nominal parameter 

̂value (𝑿𝒊) 

Systematic uncertainty 

(𝒖𝑿𝒊) 

Scaled sensitivity 
𝝏𝑺 ̂coefficients (𝑿 )𝒊 𝝏𝑿𝒊 

Flow rate 

(Q, ml/min) 
256 ±4% 5.271 

Viscosity 

(μ, cP) 
4.15 0.029 -0.004 

Density 

(ρ, kg/m3) 
1238 0.001 -0.104 

Duration of a cardiac 

cycle 

(T, s) 

0.85 0.004 0.045 

2.3.2.5 Comparison with Existing Validation Techniques 

To demonstrate the advantage of our validation methodology over existing validation 

approaches, we applied 3 existing validation techniques to our CFD and experimental results 

(Table 4). For qualitative comparison of the flow field, velocity vectors in the sagittal and 
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transverse planes were plotted for both CFD results and experimental measurements. For line 

comparison and validation error quantification,74 velocity magnitudes in both CFD results and 

experimental measurements along the validation line were plotted, and 𝐸 was quantified. For the 

angular and magnitude similarity quantification,76 the average angular similarity index (ASI) and 

magnitude similarity index (MSI) were quantified and averaged along the validation line. 

Equations used to calculate ASI and MSI are provided in Table 4. Finally, for our validation 

methodology, we plotted 𝛿𝑚𝑜𝑑𝑒𝑙(by point-wise plotting E and 𝑢𝑣𝑎𝑙) along the validation line. 

2.4 Results 

2.4.1 CFD Solver Parameter Optimization Results 

Figure 12 shows the result of the parameter optimization on velocity magnitude and 

validation error percentage averaged on the validation line (𝑣𝑚𝑎𝑔 and 𝐸, respectively) for each 

solver parameter, including the number of elements in mesh discretization, the number of time 

steps in temporal resolution, and the order of accuracy of solver discretization scheme. As we 

progressively refined the mesh, time step, or solver accuracy, convergence was reached when the 

difference in 𝑣𝑚𝑎𝑔 between successive simulations was less than 1%. Figure 12A shows the grid 

convergence analysis between 69,920 and 12.8 million elements in the discretization of IA 

model. After an initial dip, 𝑣𝑚𝑎𝑔 increased steadily with successive mesh refinement until its 

asymptotic value of 9.8 cm/s. The successive difference in 𝑣𝑚𝑎𝑔 between 9.6 million to 12.8 

million elements was 0.7%, meeting the convergence criterion. Grid size of 9.6 million elements 

(𝐸=6.28%) was used for subsequent analyses. 

Figure 12B plots the temporal resolution analysis, where the cardiac cycle was 

discretized between 170 and 2,833 time steps. We found that for all the tested temporal 
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resolutions, the differences between successive 𝑣𝑚𝑎𝑔 were less than 1%, meeting the 

convergence criterion. However, 𝐸 decreased from an initial 8.85% to a minimum of 5.63% at 

1,700 time steps. Therefore, this temporal resolution was adopted for subsequent analyses. 

Figure 12C shows the solver discretization accuracy analysis for different combinations 

of spatial (1st, 2nd, 3rd) and temporal orders of accuracy (1st – unfilled, 2nd – hatched). When the 

spatial accuracy was fixed, the order of temporal accuracy did not make any significant 

difference in 𝑣𝑚𝑎𝑔, and produced similar 𝐸. However, increasing spatial accuracy from 1st to 2nd 

order resulted in 20% increase in the monitored 𝑣𝑚𝑎𝑔 and a reduction of 𝐸 from 14.13% to 

5.63%. Furthermore, increasing the spatial discretization scheme to 3rd order did not produce 

significant difference in 𝑣𝑚𝑎𝑔 and 𝐸. Since STAR-CCM+ solver treats 2nd order spatial and 1st 

order temporal schemes as default, this combination was used in subsequent analyses. 

Based on the above optimization analysis, we chose the following CFD solver settings to 

simulate flow in our IA model: (1) unstructured grids consisting of polyhedral cells and prism 

layers at the wall with a total of 9.6 million elements; (2) cardiac cycle resolution of 1,700 time 

steps in the physiologically pulsatile waveform; and (3) 2nd order spatial and 1st order temporal 

discretization accuracy. 
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Figure 12: Velocity magnitude (𝒗𝒎𝒂𝒈, left) and validation error percentage (𝑬, right) 

monitored for different solver parameters in STAR-CCM+. (A) Grid convergence analysis. (B) 

Temporal resolution analysis. (C) Solver discretization accuracy analysis (spatial: 1st, 2nd, and 

3rd; temporal: 1st (unfilled) and 2nd (hatched)). The optimal solver parameters are indicated by 

an arrow in the 𝒗𝒎𝒂𝒈 plots (left) for grid sensitivity and temporal resolution analysis, and by the 

shaded gray rectangle in the solver discretization analysis. The corresponding minimum 𝑬 for 

the optimum parameters are also indicated in the plots on the right. 
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2.4.2 Validation Results 

Figure 13 shows results of the validation analysis on STAR-CCM+ solver along the 

validation line in the IA model. Figure 13A lists the equations for calculating the model error 

(𝛿𝑚𝑜𝑑𝑒𝑙), the validation error (𝐸), and the validation uncertainty (𝑢𝑣𝑎𝑙). Figure 13B shows the 

percentage of the spatial numerical uncertainty (𝑢𝑛𝑢𝑚,𝑠, normalized by the experimental average 

velocity magnitude, �̅�𝑚𝑎𝑔,𝑝𝑖𝑣) plotted for each consecutive mesh pair in the sequence used in the 

grid convergence analysis (in Fig. 13A). As shown in Fig. 13B, as the mesh pairs in the sequence 

are changed from coarse grid pair (1-2) to fine grid pair (8-9), the value of 𝑢𝑛𝑢𝑚,𝑠 progressively 

decreases resulting in a converging value of 3.30% at the 8-9 mesh pair, where the number of 

mesh elements were 7.1 million and 9.6 million, respectively. Figure 13C plots point-wise 

𝛿𝑚𝑜𝑑𝑒𝑙 along the validation line as the combination of 𝐸 (circles) and 𝑢𝑣𝑎𝑙 (bars). The value of 

𝛿𝑚𝑜𝑑𝑒𝑙 ranged from -5.42 cm/s to 3.57 cm/s with dissimilar contributions from 𝐸 and 𝑢𝑣𝑎𝑙 along 

the validation line. 𝐸 varied between -4.60 cm/s and 0.90 cm/s, with highest magnitude of 𝐸 at 

𝑥=0.89. The value of 𝑢𝑣𝑎𝑙 ranged between ±0.08 cm/s and ±2.60 cm/s, with maximum value 

occurring around 𝑥=0.4. The highest magnitude of 𝛿𝑚𝑜𝑑𝑒𝑙 occurred at 𝑥=0.89 with a large 

negative 𝐸 (-4.63 cm/s) and small 𝑢𝑣𝑎𝑙 (0.79 cm/s), which means that at this location, CFD 

grossly under-predicted the velocity values as compared to the experimental measurements. 

As shown in Fig. 13D, we also calculated 𝐸, 𝑢𝑛𝑢𝑚, 𝑢𝑖𝑛𝑝𝑢𝑡 and 𝑢𝐷 (percentage based on 

PIV measurements) averaged over the validation line, which were 5.63%, 3.30%, 3.89% and 

3.41%, respectively. The combined uncertainty, i.e., 𝑢𝑣𝑎𝑙 was 5.49%. Consequently, the overall 

𝛿𝑚𝑜𝑑𝑒𝑙 (𝐸 ± 𝑢𝑣𝑎𝑙) averaged on the validation line was 5.63% ± 5.49%. 
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Figure 13: Result of the validation analysis on STAR-CCM+ CFD solver along the 

validation line. (A) Equations used to quantify the model error (𝛿𝑚𝑜𝑑𝑒𝑙). (B) Spatial numerical 

uncertainty (𝑢𝑛𝑢𝑚,𝑠) percentage normalized by the average experimental velocity magnitude 

(�̅�𝑚𝑎𝑔,𝑝𝑖𝑣) for each combination of mesh pairs in the sequence from the grid convergence 

analysis in Figure 4A. (C) Point-wise plot of 𝛿𝑚𝑜𝑑𝑒𝑙 along the validation line, hollow circles are 

the validation error (𝐸) values, and error bars are the validation uncertainty (𝑢𝑣𝑎𝑙) at each 

point. (D) The average values of the validation error (𝐸) and the uncertainties 

(𝑢𝑛𝑢𝑚, 𝑢𝑖𝑛𝑝𝑢𝑡 𝑎𝑛𝑑 𝑢𝐷) along the validation line, resulting in the overall average model error 

(𝛿𝑚𝑜𝑑𝑒𝑙). 
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Figure 14: Results of application of different validation approaches to the CFD results and 

experimental measurements. A, B, C: previous validation techniques, and D: proposed 

validation methodology. (A) Qualitative comparison showing velocity magnitude contours with 

in-plane velocity vectors of constant length plotted on top (in black) to illustrate the flow 

direction in the sagittal plane in CFD and PIV. (B) Point-wise velocity magnitudes from STAR-

CCM+ simulation (CFD, hollow circles) and experimental measurement (PIV, shaded squares) 

plotted along the validation line normalized from 0 to 1. (C) Average angular similarity index 

(ASI) and magnitude similarity index (MSI) calculated over the validation line. (D) Point-wise 

mode error (𝜹𝒎𝒐𝒅𝒆𝒍) plotted along the validation line showing the error and uncertainty in 

STAR-CCM+ simulation results. 

2.4.3 Comparison with Existing Validation Techniques 

Figure 14 shows results of application of 4 validation approaches to our CFD and 

experimental results. In the following section, we describe each validation result and insight 

gained about the CFD solver’s accuracy from each validation analysis. 
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2.4.3.1 Qualitative Comparison of Velocity Flow Field 

Figure 14A shows visual comparison of time-averaged in-plane velocity field on the 

transverse and sagittal planes. Velocity vectors and magnitude contours show good agreement in 

the flow patterns between simulation (CFD) and experimental results (PIV) in both the planes. A 

3D vortex can be seen, rotating clockwise in the transverse plane and counter-clockwise in the 

sagittal plane. The location of the vortex generally matches between CFD and PIV. Although the 

general flow patterns match between the CFD and experimental results, qualitative comparison 

does not provide any information about the CFD solver’s accuracy. 

2.4.3.2 Line Comparison and Validation Error Quantification 

Figure 14B shows the velocity magnitude in CFD results and experimental measurements 

plotted along the validation line. Simulation results agree well with PIV measurement data along 

the validation line, except for 0.85 ≤x≤ 0.91, where CFD shows a deeper valley than PIV. The 

average E along the validation line was 5.63%. This validation approach quantifies E, but E 

alone does not represent the accuracy of the CFD solver itself. 

2.4.3.3 Angular and Magnitude Similarity between CFD and Experimental 

Results 

As shown in Fig. 14C, the average ASI was 77.7% (standard deviation=17.5%) and MSI 

was 97.2% (standard deviation=3.7%) along the validation line. This indicates that there was 

high similarity in the magnitude and good similarity in the angles of the velocity vectors between 

CFD results and experimental measurements. Since ASI and MSI are normalized indices, they 

can be misleading as absolute differences in the CFD and experimental results can be diminished 

by normalizing the values. 
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2.4.3.4 CFD Solver Model Error 

Figure 14D shows the result of our validation methodology on the validation line, where 

𝛿𝑚𝑜𝑑𝑒𝑙 is plotted as a combination of 𝐸 (circles) and 𝑢𝑣𝑎𝑙 (bars). E and 𝑢𝑣𝑎𝑙 together represent 

the variations in CFD-predicted results, which include the contributions from different error 

sources in the results (refer to Fig. 1B for sources of errors). Mathematically, 𝛿𝑚𝑜𝑑𝑒𝑙, the 

combination of E and 𝑢𝑣𝑎𝑙, represents the error in STAR-CCM+ due to its modeling assumptions 

along the validation line. Thus, 𝛿𝑚𝑜𝑑𝑒𝑙 provides the true accuracy of STAR-CCM+ along the 

validation line against the given PIV experimental measurements. 

2.5 Discussion 

2.5.1 Importance of Calculating the Model Error (𝜹𝒎𝒐𝒅𝒆𝒍) 

In this study, we present a systematic validation methodology, where 𝛿𝑚𝑜𝑑𝑒𝑙 is the 

validation quantity of interest, representing the error due to CFD modeling assumptions. For our 

example case, we used PIV experiments as surrogate for in vivo flow in the IA. However, since 

the STAR-CCM+ simulation matched the PIV experimental fluid and flow conditions, resulting 

𝛿𝑚𝑜𝑑𝑒𝑙 did not capture the effect of common CFD assumptions like Newtonian fluid, generalized 

inlet boundary conditions, and rigid wall. To capture the effect of these assumptions on the CFD 

solver, more accurate in vivo flow velocity data (e.g., 4D pc-MRI) is required as the validation 

data. 

Our results show that when compared to existing validation techniques in literature, 

𝛿𝑚𝑜𝑑𝑒𝑙 arising from our validation approach provides most precise information about the 

accuracy of STAR-CCM+ on the validation line. While the existing validation techniques 

mentioned in Table 4 and Figure 14(A-C) may be acceptable in a research setting, they may not 
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be sufficient for validating CFD solvers for clinical application in cardiovascular systems. By 

quantifying 𝛿𝑚𝑜𝑑𝑒𝑙, our validation framework provides a sense of “credibility” of a CFD solver 

in its intended context of use. 

Table 4: List of representative validation techniques in literature that were applied to 

our CFD and experimental results. Also listed are the validation parameter of interest and 

equations to quantify that parameter for each validation technique.  

Validation 

approach 
Study 

Quantity for 

comparison 
Equation 

Qualitative 

comparison 
Ford et al. 75 None None 

Line comparison 

and validation 

error 

quantification 

Hoi et al. 74 Error (E) 𝐸 = 𝑆 − 𝐷 

Angular & 

magnitude 

similarity 

Raschi et al. 76 

Sheng et al. 
73 

Angular 

similarity 

index (ASI), 

magnitude 

similarity 

index (MSI) 

𝑢𝐶𝐹𝐷. 𝑢𝑃𝐼𝑉 
𝐴𝑆𝐼 = 

|𝑢𝐶𝐹𝐷||𝑢𝑃𝐼𝑉| 
|𝑢𝐶𝐹𝐷| |𝑢𝑃𝐼𝑉|

𝑀𝑆𝐼 = 1 − | − | 
max(|𝑢𝐶𝐹𝐷|) max(|𝑢𝑃𝐼𝑉|)

CFD solver 

model error 

( 𝛿𝑚𝑜𝑑𝑒𝑙) 

Current 
Model error 

( 𝛿𝑚𝑜𝑑𝑒𝑙) 
𝛿𝑚𝑜𝑑𝑒𝑙 = 𝐸 ± 𝑢𝑣𝑎𝑙 

2.5.2 Optimization of CFD Solver Parameters 

As our results suggest, identifying the optimal CFD solver parameters prior to assessing the 

solver’s accuracy is critical, since not doing so could result in wide-ranging simulation results 

and validation error (𝐸 = 5.63% to 17.47% in this study). Thus, the true accuracy of a CFD 

solver cannot be assessed if optimal solver parameters are not used. This can be exemplified by a 

recent study organized by the FDA to assess the inter-laboratory differences in CFD solvers from 
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different research groups.78, 90, 91 In that study, members of the research community were invited 

to perform steady-state CFD simulations of flow in an ideal axisymmetric nozzle, which was 

chosen to represent a generic biomedical device. The results showed that the standard deviation 

of simulated velocity among the participants was greater than 60% of the mean velocity value, 

with only 4 out of 28 simulation results falling in the confidence intervals of the experimental 

PIV measurements. We suspect that the choice of CFD solver settings was partially the cause of 

the large discrepancies in CFD results between the participating groups. Since participants were 

free to choose CFD solver settings and were not required to optimize them, the “considerable 

variations” between CFD results and “modest agreement in global and local flow behaviors” 

between CFD and experiment may have been due to sub-optimal solver parameters. We believe 

that if a validation framework (like the one presented in this study) was used, error sources in 

each participant’s CFD results could have been identified, thus elucidating reasons for the large 

discrepancies among CFD solvers. 

2.5.3 Flow-Specific Considerations in Validation Analysis 

Not only can sub-optimal CFD solver settings cause larger model error: inherent 

complexities in the simulated flow field could also do so. Our validation results displayed 

significant spatial variation, especially in the region 𝑥>0.8 (Figure 13), which coincided with the 

largest variation of 𝛿𝑚𝑜𝑑𝑒𝑙. To understand what might have caused this variation, we examined 

the simulated aneurysmal flow field in further detail. Figure 15 shows the presence of a strong 

impingement jet entering the IA sac, which coincides with higher velocity magnitude and 

gradient. In this impingement zone (0.8 ≤ 𝑥 ≤1), �̅� was substantially higher (13.92%) than in 

the non-impingement zone (4.45%). Furthermore, 𝑢𝑖𝑛𝑝𝑢𝑡 was almost double in the impingement 

zone, while 𝑢𝑛𝑢𝑚 was much lower (see Appendix II). We believe that large 𝑢𝑖𝑛𝑝𝑢𝑡 where the 
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flow is impinging arises from high velocity gradients near the aneurysm wall. This high 

sensitivity of velocity due to input boundary conditions can lead to inaccurate velocity 

predictions, and have potentially contributed to higher 𝐸. Furthermore, lower 𝑢𝑛𝑢𝑚 in the 

impingement zone could be due to faster convergence of velocity during grid convergence 

analysis, since there are higher velocity values in the impingement zone compared to the non-

impingement zone. This analysis shows that complex flow phenomenon, like an impingement 

jet, can result in high model error. Thus, complexities in the underlying flow field should be 

closely considered when performing a validation analysis. 
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Figure 15: Visualization of 3D flow dynamics using velocity streamlines and volume 

rendering of velocity magnitude showing the complex 3D flow in the IA model (arrow: flow 

direction). A strong flow jet impinges on the aneurysm wall, resulting in high velocity and 

gradients in the region 0.8 ≤ 𝒙 ≤ 0.1, marked as the impingement zone (IZ). 

2.5.4 Limitations 

Our study has some limitations. First, velocity measurements from 2D PIV experiments did not 

accurately capture the complex 3D flow field inside the IA (Fig. 15). Measurements from 4D pc-

MRI could provide in vivo validation data for the IA model, which can be used to measure the 

accuracy of STAR-CCM+ in simulating the flow in this IA model. Second, we did not consider 

the uncertainties due to geometrical errors like imaging and segmentation of the IA phantom as a 
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part of input parameters. Geometry is an important input parameter to the CFD solver, and 

should be considered as a part of input parameter uncertainty in future studies. Third, we used a 

line as the domain of interest in the IA model to demonstrate the application of our validation 

methodology. We did not quantify the accuracy of STAR-CCM+ solver throughout the 3D 

computational flow domain. Our results should not be considered as the accuracy of STAR-

CCM+ in this IA model. 
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Chapter 3: Ostium Ratio and Neck Ratio Could Predict the Outcome of 

Sidewall Intracranial Aneurysms Treated with Flow Diverters 

Paliwal et al. American Journal of Neuroradiology, 2018. 
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3.1 Abstract 

To identify the potential for incomplete occlusion of intracranial aneurysms treated by 

flow-diverters (FD), we investigated if aneurysm ostium size in relation to parent artery size 

affects angiographic outcomes of FD-treated sidewall aneurysms. FD-treated sidewall aneurysms 

were divided into “occluded” and “residual” (incomplete occlusion) groups based on 6-month 

angiographic follow-up. We calculated ostium ratio (OsR), a new parameter defined as the 

aneurysm ostium surface area versus the circumferential surface area of the parent artery. As a 

two-dimensional surrogate, we also calculated neck ratio (NR), defined as clinical aneurysm 

neck diameter versus parent artery diameter from pretreatment two-dimensional DSA. We 

compared the performance of these ratios with existing aneurysm morphometrics (size, neck-

diameter, volume, aspect ratio, size ratio, undulation index, non-sphericity index, ellipticity 

index, bottleneck factor, aneurysm angle, parent vessel angle) and FD-related parameters (metal 

coverage rate, pore-density). Statistical tests and receiver-operating characteristic (ROC) 

analyses were performed to identify significantly different parameters between the two groups 

and test their predictive performances. Sixty-three FD-treated aneurysms were included: 46 

occluded and 17 residual aneurysms. OsR and NR were significantly higher in the residual group 

than the occluded group (p<0.001 and p=0.02, respectively), whereas all other parameters 

showed no statistical difference. As discriminating parameters for occlusion, OsR and NR 

achieved an area under the curve of 0.912 (95%CI=0.838–0.985) and 0.707 (95%CI=0.558– 

0.856), respectively. High OsR and NR could predict incomplete occlusion of FD-treated 

sidewall aneurysms. NR can be easily calculated by interventionists to predict FD-treatment 

outcomes. 
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3.2 Introduction 

22, 92, 93Flow diverters (FDs) are used to treat an increasing diversity of intracranial aneurysms. 

These devices are self-expanding, densely-braided metallic stents that are deployed across the 

aneurysm neck. The goal of flow diversion is to reconstruct the parent artery by diverting blood 

flow from the aneurysm, subsequently initiating thrombus formation in the aneurysm sac and 

endothelialization across the parent vessel defect (i.e., the ostium). Despite the success of this 

strategy, up to 15% of FD-treated aneurysms have incomplete thrombosis within the sac,94 

95, 96meaning that a persistent risk for aneurysm rupture and further complications exists. 

Physicians look to morphological metrics to predict outcomes and tailor treatment. Our 

goal was to identify metrics that could be measured prior to treatment that may indicate potential 

incomplete occlusion of FD-treated aneurysms. For coil embolization, surgeons have used 

aneurysm dome and neck measurements to gauge treatment options.97, 98 However, these metrics 

do not necessarily equate to success with flow diversion. Mut et al. demonstrated that aneurysm 

neck-diameter, size, volume, and aspect ratio do not indicate the occlusion outcome of FD-

treated aneurysms.99 These parameters only consider measurements of the aneurysm sac and not 

the parent vessel or its relationship to the aneurysm. Gentric et al. showed that flow diversion 

effects vary with the size of the aneurysm ostium (i.e., the defect in the parent artery made by the 

aneurysm).19 They also postulated that larger defects might cause deformation of the struts of the 

FD, affecting FD porosity across the aneurysmal defect, thus leading to ineffective flow 

diversion. 

In this study, we hypothesized that the aneurysmal defect on the parent artery and the 

extent to which it circumferentially envelops the parent artery affect the ability of the FD to 

redirect flow away from the aneurysm and thus may reduce the likelihood of occlusion. To 
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quantify this concept, we defined a novel parameter, ostium ratio (OsR), which is the ratio of the 

area of the aneurysm’s ostium surface to the circumferential parent vessel area. A two-

dimensional (2D) surrogate, the neck ratio (NR) was also defined as the ratio of the aneurysm 

neck-diameter to the parent artery diameter. OsR and NR were evaluated in 63 sidewall 

aneurysms treated with FDs. Forty-six aneurysms had complete occlusion and 17 had residual 

filling on angiographic imaging at the 6-month follow-up. Other aneurysm morphometrics and 

FD parameters were also compared between the two groups. Linear regression analysis was 

performed to check for correlation of OsR with FD parameters. 

3.3 Methods 

3.3.1 Patient Selection and Aneurysm Model Generation 

A database of consecutive series of aneurysm patients treated using the Pipeline embolization 

device (Medtronic, Minneapolis, MN) has been maintained at our institution. From this database, 

we retrospectively identified patients treated between 2009 and 2017 who satisfied the inclusion 

criteria for our study. These criteria included the following: imaging evidence of a sidewall ICA 

aneurysm treated using a single Pipeline embolization device, no previous treatment of the 

aneurysm, pre-treatment three-dimensional (3D) rotational DSA images with sufficient quality 

for accurate reconstruction and segmentation for precise morphologic modeling, and 6-month 2D 

DSA follow-up available. We excluded previously treated aneurysms to avoid confounding of 

the healing due to the presence of an existing endovascular device with the healing associated 

with FD-treatment. The pre-treatment 3D DSA images were segmented using an open-source 

software package, Vascular Modeling Toolkit (vmtk; Orobix srl, Bergamo, Italy; 

www.vmtk.org), to obtain accurate surface representation of the vascular geometry of each 

aneurysm. 
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Approval for the collection and review of patient data was obtained from the Institutional 

Review Board. Consent from the individual patients was waived by the Board. 

3.3.2 Ostium Ratio 

The OsR was defined as the area of the reconstructed aneurysm ostium surface (𝐴𝑜𝑠𝑡𝑖𝑢𝑚) divided 

by the area of the circumferential section of the remaining parent vessel (𝐴𝑣𝑒𝑠𝑠𝑒𝑙). The 

circumferential section of the parent vessel was determined by drawing two planes at the 

proximal and distal extremities of the aneurysmal ostium surface in the parent vessel. Regions 

representing 𝐴𝑜𝑠𝑡𝑖𝑢𝑚 and 𝐴𝑣𝑒𝑠𝑠𝑒𝑙 are illustrated on a representative sidewall aneurysm in Figure 

16A. 

𝐴𝑜𝑠𝑡𝑖𝑢𝑚 
𝑂𝑠𝑅 = 

𝐴𝑣𝑒𝑠𝑠𝑒𝑙 

The ostium and parent vessel surfaces for calculating the OsR are obtained in 3 steps: 

parent vessel reconstruction, ostium surface generation, and corresponding parent vessel 

isolation. Details on each step for calculation of the OsR are described in Appendix III. 

3.3.3 Neck Ratio 

Because complex computations of the 3D aneurysm geometry are required to calculate the OsR, 

we devised a surrogate, the NR, which can easily be calculated by interventionists. The NR is the 

ratio of the clinical neck diameter (CND) to the average parent vessel diameter. To obtain this 

ratio, pre-treatment 2D angiographic images were used, and the image with the most 

perpendicular projection was identified for each aneurysm. Then, CND and the proximal (D1) 

and distal (D2) ends of the aneurysm neck in the parent artery were measured on each image as 

shown in Figure 16B. The calculation is as follows: 
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𝐶𝑁𝐷 
𝑁𝑅 = 

𝐷1 + 𝐷2( )2 

For NR measurements on 2D DSA images, a line to measure CND was first drawn across 

the aneurysmal neck. A line at the proximal end and a line at the distal end of the CND were then 

drawn in the parent vessel to measure D1 and D2, respectively (Figure 16B). 

Figure 16: Definitions of ostium ratio (OsR) and neck ratio (NR) on the 3D model and 2D 

DSA image for a representative patient-specific aneurysm. (A) Illustration showing the area of 

the ostium surface (within the dashed curves) and the area of the circumferential parent artery 

(within the solid lines) for OsR calculations. (B) Clinical neck diameter (CND) and parent vessel 

diameters (D1, D2) are calculated on the most perpendicular projection of the pre-treatment 2D 

DSA imaging. D1 and D2 are measured at the proximal and distal extremes, respectively, of the 

line that measures CND. 
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3.3.4 Other Morphology-Based Parameters 

Other common morphological parameters calculated for each case were aneurysm size (size), 

neck-diameter, aneurysm volume, aspect ratio, and size ratio. Aspect ratio is defined as the ratio 

of aneurysm size to the neck-diameter, and size ratio is defined as the ratio of aneurysm size to 

the parent vessel diameter.100-102 AView software was used to calculate these morphological 

parameters to assess for differences between the occluded and residual groups.103-105 

Furthermore, as shown by Darsaut et al.,106 the curvature of the aneurysm and parent vessel 

affects the occlusion outcome of FD-treated aneurysms. Therefore, we calculated aneurysm 

angle and parent vessel angle for each aneurysm.100, 106 To quantify aneurysm shapes in both 

groups, we calculated the following shape indices for each aneurysm: undulation index, non-

sphericity index, ellipticity index, and bottleneck factor.100, 101 

3.3.5 FD-Related Parameters 

Two FD-related parameters, metal coverage rate (MCR) and pore-density, were calculated for 

each case to assess for associations with occlusion status and OsR. MCR quantifies the 

percentage area of the aneurysm neck covered by the FD wire-struts, and pore-density quantifies 

the number of FD pores per unit area at the neck plane.107-109 MCR and pore-density could not be 

measured accurately from post-treatment images due to imaging artifacts after FD implantation. 

Therefore, virtual FD deployment was performed on each case to simulate clinical FD 

deployment and quantify MCR and pore-density. We used an expansion-based in-house virtual 

stenting workflow to perform virtual FD-deployment on these cases. 57, 110, 111 MCR and pore-

density were quantified from the FD deployment results at the aneurysm neck. Details of the 

virtual stenting workflow, FD-deployment, and quantification of MCR and pore-density are 

provided in Appendix III. 
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FD-deployments and subsequent MCR and pore-density calculations are hugely variable 

112, 113 and depend on the size of the device and the curvature and morphology of the artery. 

Therefore, to validate the MCR and pore-density calculated after virtual stenting deployment, we 

performed experimental validation using physical deployment of FDs in 3 patient-specific 

aneurysm models fabricated using optically-clear silicone.114 Validation results showed that 

MCR and pore-density from the virtual stenting workflow were within 10% of the physical 

deployment range for all 3 aneurysms. Details of validation analysis and results are included in 

the Supplementary Material. 

Researchers involved in calculating the morphological parameters (including OsR and 

NR) and the FD-related parameters were blinded to the clinical outcome of the aneurysms. 

3.3.6 Statistical Analyses 

FD-treated aneurysms were dichotomized as “occluded” or “residual” based on the 6-month 2D 

DSA images. Completely occluded aneurysms were included in the occluded group, and 

aneurysms with a neck or dome remnant were included in the residual group. For statistical 

analysis, the Shapiro-Wilk test was performed to check for normal distribution of the continuous 

variables. A Mann–Whitney U-test (for non-normally distributed data) or a Student’s t-test (for 

normally distributed data) was used to distinguish differences in OsR, NR, size, neck-diameter , 

volume, aspect ratio, size ratio, MCR, and pore-density between the two groups. For categorical 

variables, a chi-square test was used to test for statistically significant differences between the 

groups. All values were expressed as mean ± standard error. Statistical significance was defined 

as a p<0.05. Area under the receiver-operating characteristic curve (area under the curve ) and 

95% CI were used to assess the predictable power of statistically significant parameters.115 The 

optimal cut-off point was determined by the Youden Index (J)116, which indicates the point in the 
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receiver-operating characteristic curve with maximum specificity and sensitivity. To determine 

whether OsR and NR were related to MCR and pore-density, linear regression analysis was 

performed and correlation was defined as R2 >0.80. Statistical analysis was performed using the 

commercial SPSS software package (IBM SPSS Statistics Version 24.0, IBM Corporation, 

Armonk, NY). 

3.4 Results 

A total of 63 aneurysms in 60 patients met the study inclusion criteria. At the time of FD-

treatment, 4 of 63 aneurysms were ruptured. At 6-month follow-up, 46 aneurysms were 

occluded, whereas 17 aneurysms had some residual contrast filling. No significant differences 

were found in age, sex, hypertension, or smoking status between the occluded and residual 

groups (Table 5). 

Table 5: Demographic and clinical information for patients in the occluded and residual 

groups. No. pt.=number of patients; se=standard error. 

Parameter Occluded Residual P-value 

Age (years, average±se) 57.6±2.4 62.2±2.9 0.28 

Female sex (no. pt.) 37 15 0.12 

Hypertension (no. pt.) 10 8 0.26 

Smoking (no. pt.) 15 9 0.48 

OsR was significantly higher in the residual group than the occluded group (0.58±0.03 

vs. 0.35±0.02, p<0.001, Figure 17). OsR values ranged from 0.13 to 0.66 and from 0.41 to 0.87 

in the occluded and residual groups, respectively. Apart from OsR, NR was the only 

morphologic parameter that was significantly higher in the residual group than the occluded 

group (1.74±0.18 vs. 1.30±0.07, p=0.02) (Table 6). Although values for size, neck-diameter, 
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volume, aspect ratio and size ratio were higher in the residual group than the occluded group, 

none of these 

Figure 17: Box-and-whisker plot of OsR (p<0.001) showing a statistically significant 

difference in OsR between the occluded and residual groups. The horizontal line within each 

box indicates the median; boundaries of the box indicate the 25th and 75th percentile; and 

whisker bars represent the highest and lowest values of OsR in each group. 

Table 6: Aneurysmal morphologic and FD-related parameters in the occluded and residual 

groups. Values expressed as average±standard error. **Significant difference 

Parameter Occluded Residual P-value 

OsR 0.35±0.02 0.58±0.03 <0.001** 

NR 1.30±0.07 1.74±0.18 0.02** 

Size(mm) 5.6±0.6 6.6±1.1 0.29 

Neck-diameter(mm) 4.67±0.26 6.06±0.62 0.06 

Vol(mm3) 251.52±105.48 502.75±239.77 0.35 

AR 1.01±0.08 1.12±0.16 0.53 

SR 1.48±0.19 2.00±0.43 0.27 

UI 0.06±0.01 0.07±0.02 0.77 

NSI 0.23±0.01 0.27±0.03 0.43 

EI 0.21±0.01 0.24±0.02 0.33 

BF 1.26±0.07 1.23±0.08 0.15 

AA 89.39±2.98 89.32±2.63 0.34 

PVA 3.17±4.14 4.61±6.27 0.84 

MCR(%) 27.46±0.51 26.93±1.02 0.64 

PD(1/mm2) 28.35±0.86 25.79±1.7 0.19 

*AA=aneurysm angle, AR=aspect ratio, BF=bottleneck factor, EI=ellipticity index, MCR=metal 

coverage rate, NR=neck ratio, NSI=non-sphericity index, OsR=ostium ratio, PD=pore-density, 

PVA=parent vessel angle, SR=size ratio, UI=undulation index, Vol=aneurysm volume. 
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parameters reached statistically significant differences. There was no statistical difference 

between aneurysm angle (p=0.34) and parent vessel angle (p=0.84) in the occluded and residual 

groups. In terms of shape indices, undulation index, non-sphericity index, and ellipticity index 

were higher in the residual group, and bottleneck factor was higher in the occluded group. 

However, no shape index was significantly different in the occluded and residual groups. For 

FD-related parameters, MCR and pore-density were higher in the occluded group but the 

differences between the groups were not statistically significant for either parameter (Table 6). 

Figure 18: Comparison of OsR and NR mean (±standard error) normalized by the occluded 

group and ROC curves of OsR and NR for occlusion status. (A) Larger differences in OsR 

between the occluded and residual groups (p<0.001) as compared to NR (p=0.02). (B) ROC 

curve of OsR (solid line) and NR (dotted line) against the occlusion status, with an AUC of 0.912 

for OsR and 0.707 for NR. 
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Figure 18 shows a comparison between OsR and NR in the two groups (normalized by 

the values in the occluded group) (A) and receiver-operating characteristic curve to assess their 

predictive powers (B). There were larger differences between normalized OsR in the occluded 

and residual groups compared to the normalized NR (Figure 18A). In the receiver-operating 

characteristic analysis, the area under the curve for OsR was 0.912 (95% CI=0.838-0.985) and 

NR was 0.707 (95% CI=0.558-0.856) (Figure 18B). Based on the Youden Index (J)116 for 

maximal sensitivity and specificity, the optimum predictive cut-off to distinguish occluded 

versus residual cases occurred at OsR=0.46 and NR=1.3. Linear regression analysis of FD-

related parameters against OsR and NR showed a statistically insignificant correlation between 

MCR and OsR, pore-density and OsR, MCR and NR, and pore-density and NR (Figure 19 A-D). 

Figure 19: Linear regression analysis to test for correlation of OsR and NR with FD 

parameters. (A) & (C) Metal coverage rate (MCR, %) and (B) & (D) pore-density (PD, 1/mm2). 

(A) & (B) show that MCR (R2=0.0106) and PD (R2=0.0157) were independent of OsR. (C) & 

(D) show that MCR (R2=0.0182) and PD (R2=0.0055) were also independent of NR. 

Corresponding β and p-values are also provided. 
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3.5 Discussion 

In this study, we sought to determine whether the relationship between IA and parent artery 

morphology influences occlusion rates with FD-treatment. We hypothesized that when a larger 

percentage of the parent vessel requires reconstruction and healing, the occlusion rate would fall. 

To test this, we defined the novel metric, OsR, that captures this concept of the percentage of the 

parent vessel involved and found that a higher OsR correlates with aneurysm residual 

(incomplete occlusion) at 6 months. Our results suggest that aneurysms with higher OsR are less 

amenable to treatment with a single FD and may require alternate/adjunctive treatment 

paradigms. The predictive ability of OsR was high, and previously described morphological 

parameters (size, neck diameter, volume, aspect ratio, and size ratio) do not capture this 

complexity. 

3.5.1 Large OsR is Associated with Incompletely Occluded FD-Treated 

Aneurysms 

OsR—the ratio of the surface area of the aneurysm ostium to the remaining circumferential 

surface area of the corresponding parent artery—essentially quantifies the fraction of the area of 

an FD that will be exposed at the aneurysm ostium. An aneurysm ostium is defined by complex 

3D curves, and OsR accurately quantifies this curvature and represents the patient-specific 

aneurysm defect relative to the parent artery. Higher OsR in our residual cases suggests that a 

larger proportion of the parent vessel (i.e., a larger parent vessel defect) provided the inlet for 

blood flow into aneurysms in the residual group. This would lead to a higher flow rate into the 

aneurysmal sac, which poses more burden for flow diversion, and hence less effective flow 

diversion treatment using a single FD for these cases. This premise is confirmed by a recent 

study from our group in which aneurysms with higher OsR had a significantly higher inflow rate 
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into the aneurysmal sac both before and after FD implantation, and all three parameters (OsR, 

pre-treatment inflow rate and post-treatment inflow rate) were negatively correlated with 

treatment outcome.117 Thus, OsR reflects flow diversion effectiveness influenced by vascular 

morphology. It could potentially identify those aneurysms that are unsuitable for single-FD 

treatment. 

A larger ostium has been correlated to the speed and degree of aneurysm occlusion after 

flow diversion in studies performed in animal models.19, 118 For example, Chung et al.118 

deployed FDs in an elastase-induced rabbit aneurysm model and found that aneurysms with 

smaller ostia occluded faster than aneurysms with larger ostia. Additionally, Gentric et al.19 

deployed FDs in large and giant sidewall aneurysms in a canine model and found that aneurysms 

with larger ostia showed worse angiographic outcome than aneurysms with small ostia. To our 

knowledge, our study is the first to show a correlation between the aneurysm ostium and 

angiographic outcome of FD-treated aneurysms using clinical data. Our results mirror those of 

the previous animal studies, albeit we correlated angiographic imaging findings to OsR, not just 

the surface area or length of the ostium. We postulate that the OsR, which represents how much 

of the parent vessel is covered by the aneurysm, may be a better indicator of outcome than the 

ostium area or length alone. 

3.5.2 NR as a Practical Surrogate for OsR 

For the OsR concept to be clinically useful, it must be readily obtained by clinicians when they 

are making treatment decisions. To this end, we devised NR as a clinical surrogate for the OsR in 

predicting the success of flow diversion (NR area under the curve=0.707, 95% CI=0.558-0.856). 

Although OsR had better performance, it is currently difficult to implement in the catheterization 
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laboratory, whereas clinicians can easily measure neck-diameter and parent vessel diameters to 

compute NR (see the illustration in Figure 16B). 

Based on the cut-off values of OsR and NR, it can be interpreted that ICA aneurysms 

with OsR >0.46 or NR >1.3 might not be amenable to treatment with a single FD. We suspect 

that in practice, clinicians will find that smaller OsR and NR values indicate an aneurysm may 

occlude fully with a single FD. Conversely, larger values of OsR and NR may indicate a need for 

alternative treatment strategies, such as additional FD or adjunctive coils,63 to achieve similar 

rates of occlusion. Clinical studies have shown better success rates for FDs with adjunctive coils 

as compared to FDs alone.119, 120 Alternatively, for cases with high OsR and NR, FD deployment 

techniques can change device properties. Catheter manipulations, such as “push-pull,” during the 

deployment of an FD can locally compress and provide optimal metal coverage across the neck, 

and this may increase flow diversion away from the aneurysm, as compared to normal FD 

deployment technique.54, 107 The push-pull technique enables localized compaction of the FD, 

increasing the MCR across the neck.53, 54 However, prospective studies are required to assess the 

reliability of OsR and NR in predicting the success of flow diversion. 

3.5.3 FD-Device Parameters Do Not Correlate With OsR or Angiographic 

Outcome 

In our study, we virtually deployed FDs in all aneurysm cases to investigate whether the device 

configuration in cases with larger OsR may play a role in treatment outcome. On the basis of our 

results, we found no significant association between OsR and the device-related metrics, MCR 

and pore-density . This is in contrast to Gentric et al.,19 who used FD deployment in silicone 

tubes to show larger deformation of the FD struts in aneurysms with larger ostium. They 

suggested that larger ostia modify the FD configuration, increasing porosity and potentiating 
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ineffective flow diversion. However, we did not find any correlation of porosity with 

angiographic outcome or OsR. Further studies investigating how FD deployment configuration is 

related to poor clinical outcome are required. 

3.5.4 Limitations 

First, our analysis was performed on retrospectively collected data; a prospective study with a 

larger cohort is required to validate the predictive power of OsR and NR in predicting the 

outcome of FD-treated aneurysms. Second, due to the limited FD database at our single center, 

we only included sidewall aneurysms located at the ICA in our study, and our results might not 

be applicable to sidewall aneurysms at other anatomical locations. Future studies of different 

aneurysm types at different anatomical locations are required to confirm our findings. Third, due 

to a steep learning curve for clinical FD deployment, deployment strategies have been optimized over 

time, resulting in higher success of FD-treatment as operator experience increases.121 However, we did 

not consider operator experience in our study. Fourth, because OsR and NR are independent of the FD 

device used; the effect of optimized FD-deployment strategies, such as compacting the device at the 

aneurysm neck107 cannot be predicted by either OsR or NR. Fifth, as demonstrated by Farzin et al.,122 

measurements of MCR and pore-density could be subjective and depend on the operator. Thus, 

our MCR and pore-density measurements might not represent actual values but provide a good 

estimate for each case, as shown by our experimental validation in the Supplementary Material. 

3.6 Conclusions 

We defined OsR, a novel metric that correlates with occlusion status of flow-diverted sidewall 

aneurysms. We also defined a 2D surrogate, NR, as the ratio of aneurysm neck-diameter to the 

parent vessel diameter. Retrospective analysis of 63 FD-treated aneurysms showed that high OsR 

and NR are correlated with incomplete occlusion at 6-month follow-up. Common morphological 
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and device-related parameters (size, neck-diameter, volume, aspect ratio, size ratio, MCR, and 

pore-density) did not show association with the angiographic outcome of FD-treated aneurysms. 

Receiver-operating characteristic analysis showed high predictive power of OsR and NR to 

discriminate the occluded and residual aneurysms. Prospective investigation is necessary to 

validate OsR and NR as predictors of occlusion in FD-treated aneurysms. 
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Chapter 4: Outcome Prediction of Intracranial Aneurysm 

Treatment by Flow Diverters using Machine Learning 

Paliwal et al. Neurosurgical Focus, 2018. 
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4.1 Abstract 

Flow diverters (FDs) aim to occlude intracranial aneurysms (IAs) while preserving flow to 

essential arteries. Incomplete occlusion exposes patients to risks of thromboembolic 

complications and rupture. A priori assessment of FD-treatment outcome could enable treatment 

optimization leading to better outcomes. To that end, we applied image-based computational 

analysis on FD-treated aneurysm patients to extract morphology, pre- and post-treatment 

hemodynamics, and FD-device characteristics and trained machine-learning algorithms using 

these features to predict their 6-month clinical outcome. Eighty-four FD-treated sidewall 

aneurysms in 80 patients were retrospectively collected. Based on 6-month angiographic 

outcomes, IAs were classified as “occluded” (n=63) or “residual” (incomplete occlusion, n=21). 

For each case, we modeled FD deployment using a fast virtual stenting algorithm and 

hemodynamics using image-based CFD. Sixteen morphological, hemodynamic and FD-based 

parameters were calculated for each aneurysm. Aneurysms were randomly assigned to a training 

or testing cohort in a 3:1 ratio. Student’s t-test and Mann-Whitney U-test were performed on the 

training cohort to identify significant parameters distinguishing the occluded from residual 

groups. Predictive models were trained using 4 types of supervised machine-learning algorithms: 

logistic regression (LR), support vector machine (SVM, linear and Gaussian kernels), k-nearest 

neighbor (k-NN) and neural network (NN). On the testing cohort, we compared outcome 

prediction by each model using all parameters vs only the significant parameters. Training cohort 

(n=64) consisted of 48 occluded and 16 residual aneurysms; testing cohort (n=20) consisted of 

15 occluded and 5 residual aneurysms. Significance tests yielded 2 morphological (ostium ratio 

and neck ratio) and 3 hemodynamic (pre-treatment inflow rate, post-treatment inflow rate and 

aneurysm-averaged velocity) discriminants between the occluded (good-outcome) and the 
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residual (bad-outcome) group. In both training and testing, all the models trained using all 16 

parameters performed better than all the models trained using only the 5 significant parameters. 

Among all-parameter models, NN (AUC=0.967) performed the best during training, followed by 

LR and linear-SVM (AUC=0.941 and 0.914, respectively). During testing, NN and Gaussian-

SVM models had the highest accuracy (90%) in predicting occlusion outcome. In conclusion, 

NN and G-SVM models incorporating all 16 morphological, hemodynamic and FD-device 

parameters predicted 6-month occlusion outcome of FD treatment with 90% accuracy. More 

robust models using the computational workflow and machine learning could be trained on 

larger patient databases towards clinical use in patient-specific treatment planning and 

optimization. 
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4.2 Introduction 

In endovascular treatment of intracranial aneurysms (IAs), flow diverters (FDs) have emerged as 

an alternative paradigm to coil embolization, particularly in treating wide-neck and challenging 

aneurysm morphologies.23, 123 Deployed across an aneurysm ostium, the densely woven mesh of 

FD induces flow stasis in the aneurysmal sac, promoting thrombotic conditions and eventual 

occlusion of the IA. The mesh-like structure of FDs also facilitates endoluminal reconstruction of 

the parent artery.124, 125 Over the past few years, FDs have been one of the mainstays of 

endovascular intervention. However, despite this, approximately 25% of FD-treated IAs fail to 

reach complete occlusion even after 6 months.18, 23 These FD-treated patients, who experience 

persistent residual filling in the aneurysm sac, are at risks of thromboembolic complications and 

aneurysm rupture.30, 126 A priori assessment of FD-treatment outcome could aid the clinicians in 

treatment optimization and lead to better outcomes.  

For coil embolization, recanalization have been shown to correlate with aneurysm 

morphometrics such as size, neck-to-dome ratio and neck size, which have been used to gauge 

coil treatment outcome.127 However, for FD-treated IAs, these metrics have not been found to 

correlate with occlusion outcome.23, 128 Instead, other morphological and hemodynamic metrics 

have been proposed specifically for FDs that correlate with occlusion outcome. Gentric et al.19 

showed that a large aneurysm ostium is associated with incomplete occlusion after FD-treatment. 

Mut et al.99 demonstrated pre- and post-treatment inflow rate, post-treatment aneurysm averaged 

velocity, and post-treatment shear rate, were significantly different between occluded and non-

occluded IAs after 6 months of FD-treatment. However, it remains unclear if these parameters 

can predict the FD treatment outcome. 
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In order to develop models for predicting clinical outcome of FD-treated IAs, we 

surveyed potential candidate algorithms. In IA research, multivariate logistic regression on 

untreated morphological and hemodynamic parameters have been used to classify aneurysm 

rupture status.129 In other areas of medical research, novel machine learning (ML) algorithms 

have emerged as alternatives to traditional statistical methods to predict clinical outcomes, e.g., 

using medical imaging data to classify brain tumors and heart diseases.130-132 Unlike univariate 

statistical analysis that focus on identifying the independently significant differences between 

averages of parameters in different populations, ML algorithms use given features on the 

available data on a case-by-case basis to predict an outcome.132-135 Furthermore, studies have 

also shown that ML algorithms could extract nonintuitive linear and nonlinear combinations of 

parameters, which themselves may be insignificant in univariate statistical analyses.134 

In this study, we explored 4 ML algorithms, including not only the most recent 

algorithms such as support vector machine (SVM), k-nearest neighbor (k-NN) and neural 

network (NN), but also the traditional multivariate logistic regression, in training predictive 

models for FD treatment outcome, and compared their performances. The purpose was to 

establish a proof of concept for mining bigger data towards building models to potentially aid 

clinicians in a priori treatment planning and optimization. 

4.3 Methods 

4.3.1 Patient Selection 

Data for patients treated using the commercial FD Pipeline embolization device (PED) 

(Medtronic) at the Gates Vascular Institute between 2009 and 2017 were retrospectively 

collected for this study. The inclusion criteria were the presence of a sidewall aneurysm located 
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at the internal carotid artery (ICA) and treated using a single PED, availability of 6-month 

follow-up angiographic image and pre-treatment 3D rotational digital subtraction angiography 

(DSA) image. Aneurysms with prior treatment and those with insufficient quality of pre-

treatment DSA were excluded from this study. Approval for the collection and review of patient 

data was obtained from the institutional review board at the University at Buffalo. Patient 

consent was waived by the board due to retrospective use of de-identified data. Pre-treatment 

3D-DSA images, 6-month clinical outcome data, and general clinical and demographic data were 

collected for cases that satisfied the inclusion criteria. Based on their angiographic outcome at 6-

month follow-up, aneurysms were dichotomized as occluded (complete occlusion) or residual 

(contrast filling at the neck/dome). Aneurysms were randomly assigned to either the training or 

the testing cohort in a 3:1 ratio, keeping the ratio of occluded to residual cases equal in the 2 

cohorts. 

4.3.2 Virtual FD Deployment and Computational Fluid Dynamics Setup 

The 3D-DSA images of FD-treated IAs obtained before treatment were segmented using an 

open-source software package vascular modeling tool kit (vmtk, www.vmtk.org)1 to obtain 

surface representation of the vascular geometry of each aneurysm. We could not directly obtain 

the deployed FDs in post-treatment images due to lack of adequate imaging resolution and 

artifacts. Therefore, to deploy the FD device in the computational model for each aneurysm, we used 

our previously reported virtual stenting workflow.41, 136 The virtual stenting workflow41, 137 consists of 

three steps: (1) Pre-processing, where the parent vessel is isolated from the IA geometry and a 

simplex mesh structure is generated with a maximum inscribed sphere diameter along the vessel 

center line using vessel-specific initialization. (2) Simplex mesh expansion, where the simplex 

mesh undergoes radial expansion using mathematical forces, and stops the deployment when the 
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deployed simplex mesh has good apposition with the parent-vessel wall. (3) Post-processing, to 

map the FD pattern on the deployed simplex mesh and sweep the wires into the 3D structures. 

Algorithms for VSW were developed on MATLAB (8.1, R2013, MathWorks, Natick, MA). 

Deployment and post-treatment hemodynamic results of VSW have been validated on a patient-

specific IA model.138 To accurately represent the patient-specific treatment, the actual 

specifications of the FD-device (diameter and length) was imported into the workflow. To obtain 

hemodynamics, we ran image-based computational fluid dynamic (CFD) simulations. For each 

aneurysm, two simulations were performed: untreated and treated with the modeled FD. 

IA models were meshed to discretize the volumetric flow domain for numerical flow 

simulations using STAR-CCM+ (v11.02, Siemens PLM). Efficient polyhedral cells were used to 

discretize the flow domain.33 For treated simulations, the FD surface was wrapped before 

generating the volumetric mesh to avoid intersecting cells.9 Furthermore, local mesh refinement 

was performed near the FD for high grid resolution near the device (10- to 20-µm–sized 

elements). Elsewhere, for both untreated and treated simulations, base mesh size was set to 100 

µm throughout the flow domain. Incompressible Navier-Stokes (N-S) equations were solved in 

the discretized flow domain under pulsatile flow conditions with Newtonian assumption with 

density and viscosity as 1056 kg/m3 and 0.0035 Pas, respectively. A pulsatile flow waveform 

from a healthy subject was normalized to obtain the inlet velocity profile for each simulation.39 

The flow rate for each IA was scaled according to the inlet area, by the factor obtained using the 

measured ICA flow rate in healthy subjects.7 The aneurysm wall and FD surface were assumed 

to be rigid, with no slip boundary conditions imposed at both surfaces. Second-order spatial and 

first-order temporal discretization were used to solve the N-S equations. Each simulation was run 
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for 3 cardiac cycles to enable convergence, and results from the third cycle were used as the 

solution of simulations. 

4.3.3 Parameters Calculated: Morphological, Hemodynamic, and FD-Related 

From 3D IA models, virtual FD deployment, and untreated and treated CFD simulations, 

morphology, FD-related, and hemodynamic parameters were calculated for each aneurysm. 

Previously studied morphology metrics,139 including aneurysm size, neck diameter (ND), size 

ratio (SR), aspect ratio (AR), and the novel morphometrics neck ratio (NR) and ostium ratio 

(OsR), were calculated. NR is defined as the ratio of clinical aneurysm neck diameter and parent 

vessel diameter, and OsR is defined as the ratio of aneurysmal ostium surface to the remaining 

circumferential surface area of the parent artery. Size, ND, SR, and AR were calculated on the 

3D IA models using the integrated clinical software AView;71 NR was calculated on the pre-

treatment 2D-DSA images of patients; and OsR was calculated on the 3D surface IA models 

using a standalone MATLAB workflow. 

FD-related parameters, metal coverage rate (MCR) and pore density (PD) were quantified 

based on virtual FD-deployment results on patient IA models. MCR and PD were calculated 

across the aneurysm orifice with the deployed FD visible to capture its deployment at the 

neck.140 MCR quantifies the relative area covered by the FD struts at the neck as opposed to open 

space (pores), and PD quantifies the number of pores per unit area.141 Virtual FD deployment 

images of each patient at the aneurysmal neck were obtained in STAR-CCM+, and a standalone 

MATLAB code was written to quantify the MCR and PD from the deployment images. 

From CFD simulation results, time-averaged flow parameters were quantified to measure 

the effect of FDs on aneurysm hemodynamics. To quantify the pre- and post-FD intra-
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aneurysmal flow activity, magnitudes of aneurysm averaged velocity (AV) and shear rate (SHR) 

were volume-averaged inside the aneurysm sac. Flow stasis was quantified by aneurysm inflow 

rate (IR) and turnover time (TT), defined as the aneurysm sac volume divided by the inflow rate 

at the neck plane. Increasing aneurysmal flow turnover time can accelerate blood clotting and 

thrombotic occlusion of the aneurysms.141 These hemodynamic parameters have previously 

shown association with the occlusion outcome of FD-treated IAs.37, 99 The subscripts “pre” and 

“post” were used to distinguish between the untreated and treated hemodynamic values for each 

parameter. 

A total of 16 parameters were calculated for each aneurysm, including 6 morphology-

based parameters—size, ND, SR, AR, NR, and OsR; 2 FD-related parameters—MCR and PD; 

and 8 hemodynamic-based parameters—AVpre, AVpost, SHRpre, SHRpost, IRpre, IRpost, TTpre, and 

TTpost. 

4.3.4 Statistical Analysis 

Statistical analysis was performed on the patient clinical, demographic, morphological, FD-

related, and hemodynamic parameters in the training cohort to identify those that differed 

significantly between the occluded and residual groups. A Shapiro-Wilk test was performed to 

check for normality of the continuous variables. Differences in parameters between the 2 groups 

were tested using the Mann-Whitney U-test (for nonnormally distributed data) or Student t-test 

(for normally distributed data). For categorical variables, a chi-square test was used to test for 

significant differences between the groups. Statistical significance was defined as p<0.05. All 

continuous parameter values were subsequently expressed as mean±standard error (SE). Before 

training the ML models, values of each parameter in the testing and training cohorts were 

normalized to have a mean value of zero and a standard deviation of 1. 
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4.3.5 Machine Learning Algorithms 

Supervised ML algorithms with binary classification were used to build predictive models. Four 

ML algorithms were selected for model building since these have shown good performance in 

clinical healthcare classification studies.130, 131, 142-144 The models include the standard statistical 

logistic regression (LR), support vector machine (SVM, with linear [L-SVM] and Gaussian [G-

SVM] kernels), k-nearest neighbor (k-NN), and neural network (NN). An illustration of the 

concept of each algorithm is shown in Figure 20. As shown in the Figure 20, LR uses a linear 

classification line to separate the two groups, SVM uses either a linear (L-SVM) or non-linear 

(Gaussian, G-SVM) kernel to identify the hyperplane that maximizes the distance between the 

two groups, k-NN performs predictions on a new data-point based on its euclidean distance from 

its ‘k’ neighbors, and NN uses a system of interconnected layers that use back-propagation while 

training to generate non-intuitive combinations of parameters to optimize classification model. 

Each algorithm was used to train two sets of predictive models: 1) using all 16 parameters as 

input, and 2) using only the statistically significant parameters. Description of each algorithm is 

provided in the following section. 

4.3.5.1 Logistic Regression 

Logistic regression (LR) is a probabilistic statistical binary classification scheme.145 In LR, log 

odds are modeled as linear combination of features. LR classifies the data point (feature vector) 

as belonging to one of the two class 0 or 1 (residual or occluded), based on probability value 

Pr(𝑦 = 1|𝐱) . The logistic model Pr(𝑦 = 1|𝐱) = 𝑝(𝐱; 𝜃) can be expressed using the equation: 
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Figure 20: Illustration of different ML classification algorithms. A: Logistic regression where 

a classification line is fitted on the data. B: Support vector machine, where the best hyper-plane 

that separates the data is identified by maximizing the margins on its either sides. C: K-nearest 

neighbor, where the predictions of a new point are made based on its distance from the points in 

the exiting database. D: Neural network with 2 hidden layers, where a system of interconnected 

neurons uses back-propagation to learn from the training data. 

1 
𝑝(𝐱; 𝜃) = 

1 + 𝑒−𝜃𝑇𝐱 

where 𝜃 is estimated by minimizing error over the training data (note that the feature vector 𝐱 

includes a constant bias term in above equation). Binary cross-entropy loss is used as the 

objective function to minimize the error. The threshold for LR models include �̂� = 1 for 
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𝑝(𝐱; 𝜃) > 0.5, and �̂� = 0 otherwise. The boundary 𝑝(𝐱; 𝜃) = 0.5 is a hyperplane in the feature 

space and divides it into two subspaces, one for each class. Figure 20A provides example for 

classification using LR on two-feature space, where a line is used to separate the data into two 

classes. 

4.3.5.2 Support Vector Machine 

Support vector machine (SVM) classifies the data by maximizing the margins of the hyperplane 

from its class labels.146 The distance between the hyperplane and the closest data points, called 

support vectors are used to optimize the hyperplane with the largest margin.147 As shown in 

Figure 20B, the normal vectors from the data points to the hyperplane are relevant in 

construction of the SVM model. A hyperplane in N-dimensions can be defined by the equation: 

𝑓(𝐱) = 𝐰. 𝐱 + 𝑏 = 0, 

where 𝐰 is a normal vector to the hyperplane, and 𝑏 is an offset. The SVM learning problem can 

be formulated as quadratic optimization problem: 

𝟏 
min 𝐰. 𝐰 

𝐰 𝟐 

subject to 𝑦𝑖(𝐰. 𝐱𝒊 + 𝑏) ≥ 1, 𝑖 = 1, ⋯ , 𝑚 

where, 𝑦𝑖 are class labels and 𝑚 is the number of training samples. This optimization problem 

can be solved using quadratic programming. We used SVM classifier with two kernel functions 

—Linear and Gaussian to build classification models (SVM-L and SVM-G, respectively). 

4.3.5.3 K-Nearest Neighbor 

A 𝑘-nearest neighbor (𝑘-NN) classification algorithm is based on distance-based similarity in the 

feature space. 148, 149 Euclidean distance is a popular choice of distance metric. All the data-points 

with class labels are first mapped in the Euclidean space. Then, for a new point in the feature 
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space, its distance from existing data-points are computed. The new data-point is assigned to a 

class that is most common among its 𝑘 nearest neighbor, as shown in Figure 20C. We employed 

a 3-neighbor 𝑘-NN algorithm (i.e. 𝑘 = 3) in our implementation. 

4.3.5.4 Neural Network 

Neural network (NN) algorithm, inspired by the human brain,150 uses highly interconnected 

elements (called neurons) to process information. Neurons are arranged in a layered architecture, 

starting with input layer and ending with output layer (see Figure 20D). Intermediate layers are 

known as hidden layers. Each neuron in a layer performs a mathematical operation on its input 

from previous layer and generates a single output that is fed into neurons of subsequent layer. 

The mathematical operation performed by a neuron is a parametric linear combination of its 

input, followed by a non-linear activation function. NNs are trained by computing a loss function 

and back-propagating its gradient to update the parameters of the network.151 For our case, a NN 

with a single hidden layer consisting of 32 neurons was designed. The input layer had neurons 

equal to the number of features, 16 for the AF models and 5 for the SF models, respectively. The 

output layer had a single neuron for estimating the probability of the samples belonging to the 

occluded class. ReLU activation functions were used in the hidden layer and sigmoid function 

was used in the output layer. Binary cross-entropy loss was used to train the network. 

In-house codes were written to normalize the parameter data and train the predictive 

models for LR, L-SVM, G-SVM and k-NN in MATLAB (v9.3, R2017, MathWorks) using the 

Machine Learning Toolbox. For NN algorithm, python 3.6 code was developed using the open-

source Tensorflow (v1.4.1, Google) and Keras (v2.0.8, https://keras.io/) libraries. A four-fold 

cross-validation was used during model training to avoid overfitting on the training cohort. 

4.3.6 Training and Testing Accuracy Estimation 
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Area under the receiver-operator characteristic (ROC) curve (AUC) and 95% confidence 

intervals were quantified to assess the performance of the models on the training cohort for each 

algorithm.115 The predictive performance of each model was quantified by its accuracy on the 

independent testing cohort. The flowchart of the model training and testing for all models is 

shown in Figure 21. 

Figure 21: Flowchart for building and testing the predictive models for occlusion outcome of 

FD-treated IAs. After extraction of morphological, FD-related, and hemodynamic parameters, 

patients are randomly divided into the training and testing cohorts. Two sets of models are then 

trained using: 1) all parameters and 2) significant parameters are generated on the training 

cohort. The predictive performance of these models is then tested on the testing cohort. 

4.4 Results 

4.4.1 Patient Population and Statistical Analysis 

Based on the inclusion criteria, 84 IAs in 80 patients were enrolled in this study. At 6-month 

follow-up, 63 aneurysms had complete occlusion (occluded), whereas 21 aneurysms had residual 
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contrast-filling (residual). The clinical and demographic information of patients in each group is 

listed in Table 7. The patients in the occluded group had a mean age (±SE) of 56.7±1.8 years; 

this group included 51 females, 20 patients with hypertension, and 23 patients who were current 

smokers. The residual group had an average age of 58.5±2.8 years, included 19 females, 10 

patients with hypertension and 14 patients with smoking. There were no significant differences 

in age, sex, hypertension and smoking status between the 2 groups. Upon randomization, the 

training cohort included 64 aneurysms (48 occluded and 16 residual), with 20 aneurysms 

reserved to the testing cohort (15 occluded and 5 residual). 

Table 7: Description of patient population 

Occluded 

(n=63) 

Residual 

(n=21) 

P value 

Patient Characteristics 

Age (years) 56.7±1.8 58.5±2.8 0.53 

Female sex (no. pts) 51 19 0.31 

Hypertension (no. pts) 20 10 0.49 

Smoking (no. pts) 23 14 0.39 

*no. pts=number of patients; continuous values expressed as (average ± standard error) 

Table 8 lists the mean and standard error for morphology, FD-device and hemodynamic-

based parameter in the 2 groups in the training cohort, with their respective p values. Mean 

values of all morphological parameters were higher in the residual group except AR. However, 

only NR and OsR were statistically different (p=0.01 and p<0.001, respectively) between the 

groups. Both FD-related parameters, MCR and PD were higher in the occluded group than the 

residual group, but the differences were not statistically significant. In terms of pre-treatment 

hemodynamic parameters, aneurysm that occluded within 6-months had lower mean values of 

AVpre, SHRpre and IRpre and higher TTpre as compared to those that did not occlude. However, 
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Table 8: Statistical analysis of morphology, FD and hemodynamic-based parameters in the 

training cohort 

Occluded (n=48) Residual (n=16) P value 

Aneurysm Morphology 

Size (mm) 4.99±0.59 5.04±0.89 0.71 

ND (mm) 4.42±0.23 5.45±0.68 0.10 

SR 1.32±0.18 1.52±0.36 0.47 

AR 0.98±0.09 0.97±0.15 0.93 

NR 1.17±0.05 1.51±0.16 0.01* 

OsR 0.36±0.01 0.55±0.04 <0.001* 

FD Device Characteristics 

MCR (%) 27.84±0.60 27.54±1.05 0.80 

PD (1/mm2) 29.60±1.11 27.03±1.64 0.20 

Pre-treatment Hemodynamic Parameters 

AVpre (cm/s) 6.86±0.74 11.67±2.75 0.07 

SHRpre (1/s) 177.45±20.68 304.56±84.58 0.22 

IRpre (ml/s) 0.51±0.09 0.87±0.25 0.04* 

TTpre (s) 0.29±0.09 0.16±0.04 0.64 

Post-treatment Hemodynamic Parameters 

AVpost (cm/s) 1.97±0.30 5.55±1.73 0.02* 

SHRpost (1/s) 52.14±9.08 150.27±54.67 0.08 

IRpost (ml/s) 0.20±0.03 0.51±0.17 0.02* 

TTpost (s) 0.74±0.21 0.41±0.10 0.40 

*statistically significant difference; all values expressed as (average ± standard error). 

AR: aspect ratio, AV: aneurysm-averaged velocity, IR: inflow rate, MCR: metal coverage rate, 

ND: neck diameter, NR: neck ratio, OsR: ostium ratio, PD: pore density, SHR: shear rate, SR: 

size ratio, TT: turnover time. Suffixes pre and post represent pre-treatment and post-treatment 

hemodynamic values. 

only IRpre was significantly different between the 2 groups (p=0.04). Similar to pre-treatment 

hemodynamic parameters, occluded group had lower mean values of AVpost, SHRpost and IRpost 

and higher value of TTpost than the residual group, with AVpost and IRpost showing statistically 

significant differences between the two groups (p=0.02 and p=0.02, respectively). NR, OsR, 

IRpre, AVpost and IRpost had statistically significant differences between the 2 groups, and were 

used for training models with significant-parameters only; all 16 parameters were used in 

training all-parameter models. 
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4.4.2 Final Converged Models 

Through training, we obtained the final converged models for all algorithms. The training loss 

function for the LR, L-SVM, G-SVM, k-NN and NN models trained using all-parameters were 

0.10, 0.125, 0.156, 0.171 and 0.10 , respectively. For the LR, L-SVM, G-SVM, k-NN and NN 

models trained with significant parameters, the loss functions were 0.121, 0.156, 0.140, 0.203, 

0.214, , respectively. 

4.4.3 Model Performance on the Training Cohort 

To compare the use of significant parameters versus all parameters on the performance of ML 

models on the training cohort, ROC analysis was performed for all models. As shown in Figure 

22, all-parameter models had better performance for each algorithm as compared to significant-

parameter models. Among all-parameter models, NN had the highest training performance 

(AUC=0.967) followed by LR (AUC=0.941), whereas G-SVM model had the lowest AUC 

(0.841). However, among significant-parameter models, k-NN had the highest performance 

(AUC=0.875) followed by the NN model (AUC=0.854). 

4.4.4 Model Accuracy on the Testing Cohort 

The predictive accuracy of each model in the testing cohort is shown in Table 9. Overall, 

models with significant parameter as input had lower accuracy on the testing cohort as compared 

to the models trained using all parameters. The all-parameter models’ predictive accuracy ranged 

from 85% to 90%, with LR, L-SVM, and K-NN having 85% and G-SVM and NN having 90% 

prediction accuracies. On the other hand, the significant-parameter models’ accuracy ranged 

from 55%–75%, with LR, L-SVM, and G-SVM having the highest accuracy of 75%. 
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Table 9: Accuracy of all-parameter and significant-parameter models in the testing cohort 

Machine Learning Algorithm 

Accuracy 

All-Parameter Model 
Significant-

Parameter Model 

Logistic Regression 85% 75% 

Linear Support Vector Machine 85% 75% 

Gaussian Support Vector Machine 90% 75% 

K-nearest Neighbor 85% 70% 

Neural Network 90% 55% 

Figure 22: ROC curves for each ML model on the training cohort. Built using all 

parameters (A) and built using significant parameters (B). AUC = area under the ROC curve; 

G-SVM = Gaussian support vector machine; K-NN: k-nearest neighbor; LR = logistic 

regression; L-SVM = linear support vector machine; NN = neural network. 

To further analyze the predictive performance of all-parameter models on the testing cohort, 

individual predictions on 20 IAs in the testing cohort were plotted in a confusion matrix in 

Figure 23. The confusion matrix plots the number of correct and incorrect model-predicted 

outcome (horizontal axis) against the actual outcome (vertical axis) for each aneurysm. The cells 
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with correct and incorrect predictions were shaded green and red, respectively. The most 

accurate NN model had 2 incorrect predictions, where 1 residual IA was predicted as occluded 

and 1 occluded IA predicted as residual. The predicted versus actual outcomes of all other 

models is shown in Figure 23. 

Figure 23: Confusion matrix for predictions of ML models (trained using all parameters) 

on the testing cohort. The vertical axis represents the actual clinical outcome and the horizontal 

axis represents the model-predicted outcome. Green indicates correct predictions; red indicates 

incorrect predictions. 

4.5 Discussion 

In endovascular intervention of IAs by flow diverters, clinicians use pre-treatment and 

immediate post-treatment DSA images of aneurysms to assess the flow stasis induced by the 
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FD.23, 92 However, these images do not provide enough information to assess the long-term 

outcome of the IA healing. 

Figure 24: Concept of the methodology of generating clinically practical predictive models 

for FD-treated IAs. Left panel shows two representative patient-specific ICA aneurysms, which 

were treated using a single FD. Right panel shows the 6 month-occlusion outcomes of both 

cases: top aneurysm was complete occluded (red circle) while bottom aneurysm had persistent 

residual filling in the IA. The middle panel show the computational analysis workflow, which 

uses pre-treatment 3D DSA images to generate 3D aneurysm model, and then models the FD 

deployment and hemodynamics using virtual stenting and CFD, respectively. The morphological, 

hemodynamic and candidate FD characteristics ae used as features to train machine-learning 

algorithms that can predict the 6-month occlusion outcome of FD-treated IAs. Note that neural 

networks are shown as a representative machine-learning algorithm for predictive model-

building. 

For illustration purpose, Figure 24 shows two representative FD-treated ICA aneurysms 

from our cohort, with pre-treatment DSA on the left panel, and 6-month follow-up DSA on the 

far-right panel. Although the FD placement was successful in both cases, their outcomes at 6 
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months were quite different: the top aneurysm was completely occluded (red circle), while the 

bottom aneurysm had significant residual filling. This example highlights the fact that despite the 

successful FD placement, a treatment might be ultimately unsuccessful due to persistent filling 

(i.e., IA is not occluded over a long period of time), which exposes the patient at risk of 

thromboembolic complications and rupture.30, 126 We believe that an ability to predict potential 

failure of FD treatment prior to the intended intervention will improve treatment planning, and 

thus minimize complications and optimize outcomes. 

To that end, we have developed a computational analysis workflow that extracts 

information from the pre-treatment 3D DSA to potentially predict the treatment outcome. 

Conceptually, this computational workflow is an extension of the pre-treatment 3D DSA (middle 

panel in Figure 24), which extracts pertinent features that include aneurysm morphology, pre-

and post-treatment hemodynamics and characteristics of the candidate FD-device. These features 

lend themselves to building ML models that could predict long-term outcome when trained on a 

large number of retrospective FD-treated IA cases. 

As a proof of concept of the proposed methodology, we retrospectively collected 84 FD-

treated ICA aneurysms from our center. We applied the computational workflow to extract 16 

aneurysm morphology, FD characteristics and pre- and post-treatment hemodynamic features for 

each IA. We then trained ML algorithms on 63 FD-treated IAs (training cohort) based on these 

features and produced models that were 85-90% accurate in predicting the 6-month occlusion 

outcome in an independent testing cohort, including correct predictions of the 2 example cases 

shown in Figure 24. Application of this methodology to larger databases could generate, as well 

as validate, more robust predictive models, which could potentially help in assessing the 

outcome of FD-treatment a priori. 
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It has been argued in the literature that relevant features must be carefully selected for 

training ML models, especially for larger dataset.152 The reason is that including irrelevant 

features might incur extra computational cost during training, with little contribution to enhance 

the performance of the models.152 However, since our feature space is not very large (16 

features), we asked if the so-called “irrelevant” features should be discarded. Therefore, we first 

performed univariate statistical analysis to significant parameters (could be considered as 

relevant) and insignificant parameters (could be slated as “irrelevant”). Then, we trained two sets 

of models, one using all parameters and one with significant parameters only and compared their 

performance to evaluate whether the inclusion of insignificant parameters helped to increase the 

model performance. Comparison results showed that all models trained with all 16 parameters 

had better accuracy (≥85%) than all models trained with only 5 significant ones (≤75%), and for 

each ML algorithm, all-parameter models outperformed their significant parameter counterparts.  

This indicates that the nonsignificant parameters are not truly “irrelevant”; they could be relevant 

through nonintuitive combinations. However, we cannot determine if that was the case due to 

small sample-size in the training cohort. Studies on larger patient database are required to 

elucidate the role of irrelevant parameters in predictive model-building. 

Healing mechanism of FD-treated aneurysms is currently poorly understood.37, 40, 99, 153, 

154 Based on our statistical results, we found that pre- and post-treatment inflow rate, post-

treatment aneurysm-averaged velocity, ostium ratio and neck ratio were significantly higher in 

the residual group. This could provide some insight into the reason why some FD-treated IAs do 

not heal. FD intervention aims at diverting the flow away from the IA sac, inducing flow stasis 

and eventual thrombotic occlusion of the IA. Larger post-treatment inflow rate in the residual 

group indicates that the FD implantation did not divert enough flow away from the IAs in this 
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group, resulting in ineffective flow diversion. This flow condition could lead to constant 

replenishment of fresh blood into the IA, which could be reason for the persistent residual filling 

into the IA sac even after 6-months for residual group. Interestingly, we also found pre-treatment 

inflow rate to be significantly higher in the residual group as compared to the occluded 

aneurysms. For these IAs, FD placement evidently cannot provide sufficient flow diversion away 

from the IA sac to ensure the long-term thrombotic occlusion of the IAs. Even more 

interestingly, the residual group also had significantly higher ostium ratio and neck ratio. This 

means that a larger portion of the parent vessel was the opening into the aneurysms in this group, 

which allowed more flow into the aneurysmal sac.43 In these cases, use of alternative strategies 

like overlapping FDs, compacted FD or FDs with adjunctive coils could be more beneficial for 

successful outcome, namely occlusion.37, 140 In the ideal case, our models will identify IAs that 

may not occlude with a single, uniformly implanted FD, promoting the interventionalist to 

consider these alternative methods. 

To find the best predictive models, we have also compared the performance of 4 different 

ML algorithms for FD treatment outcome prediction, including LR, SVM, k-NN and NN. 

Results show that NN and G-SVM (90% accuracy) performed slightly better than LR, L-SVM 

and k-NN (85% accuracy). Almost similar performance of all the algorithms suggest that a larger 

dataset is required to identify the best algorithm among these.  

A common concern with training predictive models is overfitting to the training cohort 

when there are a large number of variables considered. However, we took steps to mitigate this 

risk, through both 4-fold cross-validation as well as holding out a test set, to which the models 

were naïve.155 The models trained using all parameters performed well in training, as well as on 

the independent testing cohort, confirming that our models are generalizable. 
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4.6 Limitations 

First, the CFD had to make simplifying assumptions, like assumed inlet flow waveform because 

patient-specific waveforms were not available. Second, our sample-size is small and limited to a 

single center. Future multicenter collaborations could help generate more robust predictive 

models. Third, the parameters used in our study were entirely derived based on findings from 

previous studies, which do not exhaustively represent the relevant morphological, device, and 

hemodynamic features in FD-healing. Fourth, this study is focused on sidewall aneurysms 

located at the ICA only, and the derived models may not be applicable for FD treatment of IAs at 

other locations. Last, we did not include patients’ clinical comorbidities and medications in our 

study, and these could influence the occlusion of FD-treated IAs. Future studies should include 

clinical comorbidities and medications as input parameters for training the predictive models. 

4.7 Conclusions 

We used ML algorithms to build predictive models for occlusion outcome of FD-treated sidewall 

IAs located at the ICA. Results show that models incorporating all 16 investigated 

morphological, hemodynamic, and FD-related parameters perform best with 90% predictive 

accuracy in an independent testing cohort. The implications are 2-fold: 1) ML algorithms that 

use all parameters, not just the statistically significant ones, may be utilizing some underlying 

morphological factors or hemodynamic factors for better outcome classification. 2) Using the 

computational analysis on larger patient-specific databases, future studies to build robust 

predictive ML-based models are necessary to allow clinicians to better plan and triage for 

appropriate treatment of IAs. 
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Chapter 5: Critical Role of Post-Treatment Hemodynamics in 

Clinical Outcome Prediction of Intracranial Aneurysms Treated 

with Flow Diverters 

To be submitted to Journal of Translational Medicine. 

92 



 
 

 

 

 

  

 

  

 

 

   

  

   

  

  

 

   

5.1 Abstract 

Flow diverter (FD) treated intracranial aneurysms (IAs) that remain incompletely occluded 

expose patients to risks of rupture and thromboembolic complication. Previously, we developed 

a computational workflow that computes aneurysmal geometry, FD-characteristics, pre- and 

post-treatment hemodynamic features and inputs them into a pre-trained machine learning model 

to predict 6-month outcome of FD-treated IAs with 90% accuracy. Motivated by reducing 

computational cost, in this study, we investigated the effect of each set of input features during 

the workflow progression on the outcome prediction. Pre-treatment 3D-DSA images and 6-

month clinical outcome for 105 FD-treated sidewall aneurysms located at the ICA were 

retrospectively collected. Based on their outcome, aneurysms were divided into two groups: 

occluded (complete occlusion, n=80) or residual (contrast filling at the neck/dome, n=25). Using 

our computational workflow, we computed geometrical (G), FD device-related (D), pre-

treatment (untreated, U*) and post-treatment (treated, T*) hemodynamic features for each case. 

Features were normalized and randomly assigned into training and testing cohorts (3:1 ratio). 

Four neural network (NN) models were trained by successively reducing the input features with: 

(1) G, U*, D and T*, (2) G, U* and D, (3) G and U* and (4) G alone. To compare performance 

of the 4 models, ROC curves and prediction accuracies on the training and testing cohorts were 

assessed. Seventy-nine aneurysms (60 occluded, 19 residual) were included in training and 26 

aneurysms (20 occluded, 6 residual) were kept for testing. ROC analysis on the training cohort 

showed that all models had similar AUC (average=0.83). In predicting outcome on the 

independent testing cohort, GU*DT* had the highest accuracy (92.31%), followed by GU*D 

(80.77%) and GU* (80.77%), and G (73.08%) models. In conclusion, removing post-treatment 

hemodynamics from NN predictive model resulted in the biggest drop (12%) in FD outcome 
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prediction, followed by pre-treatment hemodynamics (7%). Therefore, despite additional 

computational cost, including post-treatment hemodynamics drastically increases the accuracy of 

predictive model. 
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5.2 Introduction 

Flow diverters (FDs) have emerged as an alternative paradigm to traditional coil embolization 

for endovascular treatment of intracranial aneurysms (IAs), especially for wide-necked and 

fusiform aneurysms.23 The densely woven mesh of FD induces flow stasis in the IA thus 

promoting pro-thrombotic conditions leading to its eventual occlusion, and provides a scaffold 

for endothelialization of the IA neck.124, 125 Despite its recent success in treatment of IAs, 

approximately 25% of FD-treated IAs fail to reach complete occlusion after 6 months of 

treatment.18, 23 Patients with persistent residual filling in the sac after FD-treatment are at risks of 

23, 30, 126aneurysm rupture and other complications like ischemic stroke and perforator infarction. 

For a priori outcome prediction of FD-treatment, we recently developed a computational 

workflow that predicts 6-month clinical outcome of FD-treated aneurysms with 90% accuracy.34 

The workflow takes a segmented patient-specific 3D medical image as input and specifications 

of the candidate FD. The workflow performs virtual FD deployment, and calculates features 

based on IA geometry, deployed FD characteristics, and aneurysmal flow dynamics before and 

after candidate FD placement as input features for a pre-trained neural network model to predict 

outcome at 6-month follow-up. Our computational workflow could potentially be implemented 

in the clinical bedside and provide real-time outcome predictions for a candidate FD chosen by 

the clinician and aid in treatment planning, leading to better outcomes. However, in its current 

form, our workflow is computationally expensive, primarily due to untreated and treated 

computational fluid dynamic (CFD) simulations, taking up to 12 hours on supercomputing 

clusters.55 This computational cost makes our workflow prohibitively expensive for bedside 

implementation that requires decision-making in quasi-real time. Therefore, motivated by 

reducing the computational cost of our workflow, in this study we investigated which input 
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features are truly important to make accurate outcome predictions for FD-treated IAs. To that 

end, we asked how far can we go in our workflow to get accurate outcome predictions by 

successively reducing input features to our predictive models—aneurysmal geometry, FD-

characteristics, and pre- and post-treatment hemodynamics. 

5.3 Materials and Methods 

We collected clinical FD-treated patients from our center and applied the computational 

workflow to obtain features for each case. We then trained 4 neural network (NN) algorithms 

using following features: (1) geometry, untreated, device-related, untreated and treated 

hemodynamics (GU*DT*), (2) geometry, untreated hemodynamics and device-related (GU*D), 

(3) geometrical and untreated hemodynamics (GU*), and (1) geometrical (G). To assess their 

predictive performance each model was tested on an independent testing cohort that was naïve to 

the model training. Figure 25 shows the flowchart of the study, including computational analysis 

on the clinical FD-treated aneurysms to obtain relevant features, randomization of patient 

database into training and testing cohorts. The 4 models: GU*DT*, GU*D, GU* and G were 

then trained and their prediction accuracies were compared on the independent testing cohort to 

evaluate the impact of each set of features in FD-treatment outcome prediction. 

5.3.1 Patient Selection and 3D Aneurysm Model Generation 

Clinical data and medical images for patients treated using the commercial FD—Pipeline 

embolization device (PED, Medtronic, Minneapolis, MN)—at the Gates Vascular Institute 

between 2009 and 2018 were retrospectively collected for this study. The institution review 

board at the University at Buffalo approved the collection of patient data. The inclusion criteria 

was: (1) presence of a sidewall aneurysm located at the internal carotid artery, (2) treatment 

using a single PED and no prior intervention, (3) availability of 6-month clinical follow-up and 
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(4) pre-treatment 3D digital subtraction angiography (DSA) image available. For cases that 

satisfied the inclusion criteria, pre-treatment 3D DSA images, FD-device specifications, clinical 

outcome at 6-months, and clinical and demographic data (age, sex, hypertension, smoking status) 

were collected. Based on their angiographic outcome 6 months after FD-treatment, aneurysms 

were divided into two groups: occluded (complete occlusion of the aneurysm) or residual 

(contrast filling at the aneurysmal neck/dome). The pre-treatment 3D DSA images were 

segmented to obtain 3D surface representation of the vascular geometry of the aneurysms using 

the open-source software virtual modeling toolkit (www.vmtk.org).156 

Figure 25: Flowchart of the study design. Four NN models were trained by reducing the 

number of features in each subsequent model. The impact of reducing features in subsequent NN 

models was assessed on an independent testing cohort. Abbreviations of each model denotes the 

features used while training the model: GU*DT*: geometry, untreated hemodynamics, FD 

device-related and FD-treated hemodynamics, GU*D: geometry, untreated hemodynamics and 

FD device-related, GU*: geometry and untreated hemodynamics, and G: geometry. 

5.3.2 Virtual Device Modeling and CFD Simulation Setup 

We used an in-house expansion-based virtual stenting workflow (VSW) to model the clinical 

deployment of FDs in each IA model.41, 137 The VSW consists of three steps: (1) Pre-processing, 

where the parent vessel is isolated from the IA geometry and a generic simplex mesh structure is 
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generated using a maximally inscribed sphere diameter along the vessel center line using vessel-

specific initialization. (2) Simplex mesh expansion, where the mesh undergoes radial expansion 

based on mathematical forces, and deployment is stopped when the simplex mesh apposes with 

the parent-vessel wall. (3) Post-processing, where the FD pattern is mapped on the deployed 

simplex mesh and swept into 3D wire structures. FD deployments using VSW have been 

validated against in vitro deployments on patient-specific IA phantom models.43, 138 To 

accurately simulate the clinical FD deployment for each IA, we obtained the FD specification 

(device diameter and length) from the patient’s clinical report. 

After virtual device deployment, two CFD simulations were performed for each 

aneurysm: untreated and FD-treated to obtain pre- and post-treatment hemodynamics for each 

case. We imported the 3D surface model of each IA into STAR-CCM+ (v11.02, Siemens PLM, 

Plano, TX) to generate 3D volumetric computational mesh and solve the flow-governing Navier-

Stokes’ (N-S) equations. The IA models were discretized using polyhedral cells, due to their 

higher computational efficiency than traditional tetrahedral cells.157 Globally, the base cell size 

was set to 100 µm throughout the flow domain for both untreated and FD-treated simulations. 

For treated simulations, prior to volumetric meshing a surface wrapping operation was 

performed on the FD surface to eliminate internal intersections of the FD wires.140 After surface 

wrapping, volumetric meshing was performed with regions near the FD-wires locally refined to 

achieve higher spatial resolution of ~10-20 µm near the device. N-S equations were then solved 

on the volumetric meshes under pulsatile flow conditions, with blood assumed as Newtonian 

fluid with density and viscosity values of 1056 kg/m3 and 0.0035 Pa-s, respectively. A flow 

waveform from a healthy subject was normalized to obtain the inlet velocity profile for each 

case. 129 The flow rate for each IA case was scaled with the inlet area, based on the measured 
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flow rate in ICA in healthy subjects.158 The aneurysm and parent vessel wall were assumed rigid, 

and no slip boundary conditions were imposed at the wall and the FD surface. At outlets, the 

mass flow rate through each branch was proportional to the cube of its diameter based on the 

principle of optimum work.159 Second-order spatial and first-order temporal schemes were used 

to discretize the N-S equations, and a time-step of 0.001 seconds was used to resolve one cardiac 

cycle. All cases were simulated for three cardiac cycles to enable convergence, and results from 

the third cycle were used as the final solution. 

5.3.3 Extracted Features: Morphology, FD-Related, Untreated and Treated 

Hemodynamics 

Based on the segmented 3D aneurysm model, virtual FD deployment, and untreated and treated 

CFD simulations, relevant geometrical, FD-related and pre- and post-treatment hemodynamic 

features were quantified. These features were selected since models trained using them as input 

features were highly accurate (≥85%) in predicting outcome of FD-treated IAs.34 

Geometry-based features include aneurysm size, neck diameter (ND), size ratio (SR), 

aspect ratio (AR), neck ratio (NR) and ostium ratio (OsR).34, 43 Aneurysm size, ND, SR and AR 

are commonly used in assessing the risk of rupture of an unruptured aneurysm,139 and were 

calculated using the integrated software AView.71, 160 OsR and NR are novel 3D and 2D 

morphometric that quantify the fraction of the FD exposed to the aneurysm in a sidewall 

aneurysm, and have shown significant correlation with 6-month occlusion outcome of FD-treated 

IAs in clinical cases.43 Both OsR and NR were calculated using an in-house MATLAB workflow 

(2017, MathWorks, Natick, MA). 
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In terms of FD-device related features, metal coverage rate (MCR) and pore density (PD) 

were quantified across the IA neck to quantify the distribution of FD-wires at the neck.140 MCR 

quantifies the area percentage of FD-struts and PD quantifies the number of pores per unit area at 

the aneurysmal neck. For each IA, images of the struts of the deployed FDs were taken at the 

aneurysmal neck, and image processing was used to quantify both MCR and PD in MATLAB. 

To quantify untreated and FD-treated hemodynamics, pre- and post-treatment CFD 

simulations were post-processed to quantify spatially and temporally averaged hemodynamic 

values of inflow rate (IR), aneurysm averaged velocity (AV), shear rate (SHR) and turnover time 

(TT). IR quantifies the amount of blood flow going into the IA through its neck, while AV 

quantifies the flow activity inside the IA sac. SHR represents the friction in the blood within the 

IA sac, and TT quantifies the time taken for a fluid particle to enter and leave the IA sac. These 

hemodynamic features have been associated with the occlusion outcome of FD-treated IAs in 

previous studies.34, 37, 43, 140 For each hemodynamic feature, suffix u* and t* were added to 

specify untreated and treated hemodynamic values, respectively. 

A total of 16 features were calculated for each FD-treated aneurysm case: 6 geometry-

based (G), 2 FD device-related (D), 4 untreated hemodynamics (U*) and 4 treated 

hemodynamics (T*). 

5.3.4 Data Exploration & Training/Testing Cohorts 

Before NN model training, statistical analysis was performed on geometrical, FD-related and 

untreated and treated hemodynamic parameters to identify statistically significantly different 

features between the aneurysm in occluded and residual groups. A Shapiro-Wilk test was 

performed to test for normal distribution of each feature. Student t-test was performed for 

100 



 
 

  

 

  

  

  

  

  

  

  

  

   

 

   

 

   

   

  

 

    

normally distributed features, and Mann-Whitney U test was performed for non-normally 

distributed data. For categorical parameters, chi-squared test was used to test for significance. 

Differences in features were considered statistically significant if p<0.05. All continuous 

variables were expressed as mean ± standard error (SE). 

The aneurysm cases were randomly assigned to either training or testing cohorts in the 

ratio 3:1. The fraction of occluded to residual aneurysms were kept consistent as the overall 

cohort in both training and testing cohorts. 

5.3.5 Modified Neural Network Loss Function for Class-Imbalance 

18, 23Around 25% of the FD-treated IAs do not completely occluded 6-months after treatment, 

which leads to an imbalance in the number of samples of each class during model-training. 

Traditional NN algorithms use regular binary cross-entropy (BCE) loss function, which assumes 

equal number of cases in both classes, and is defined as: 

𝐵𝐶𝐸 𝑙𝑜𝑠𝑠 = −(𝑦𝑙𝑜𝑔(𝑝) + (1 − 𝑦) log(1 − 𝑝)) 

where y is the true label and p is predicted probability. Due to the expected class-imbalance in 

our cohort, we used a modified class-weighted cross-entropy loss function to train our NN 

models.161 These modified loss-functions have been shown to increase the performance of NN 

models for data with class-imbalance.162, 163 For our case, each term in the BCE loss was 

multiplied with a weight corresponding to the percentage occurrence of the opposite class to 

balance the overall loss from each class. Therefore, the modified class-weighted cross-entropy 

becomes: 

𝑁1 𝑁0
𝐶𝑙𝑎𝑠𝑠 − 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝐵𝐶𝐸 𝑙𝑜𝑠𝑠 = − ( 𝑦𝑙𝑜𝑔(𝑝) + (1 − 𝑦) log(1 − 𝑝))

𝑁 𝑁 
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where, N0 and N1 are number of occurrences of classes ‘0’ and ‘1’, respectively, and N is the 

total number of samples in the training cohort. 

5.3.6 Neural Network Architecture, Input Parameters and Training 

For model training, we used NN algorithm with supervised learning and class-weighted BCE 

loss function, and a single hidden layer. This model algorithm was chosen because of its superior 

accuracy as compared to other ML algorithms in our previous study.34 To avoid overfitting in the 

training cohort, a leave-one-out (LOO) cross-validation (CV) was used during model training.164 

The model with highest validation accuracy in training was identified and hyper-parameters, i.e., 

number of neurons in the hidden layer, learning rate, number of epochs, l2-regularization 

coefficient and dropout rate were selected. The whole training set was retrained using the 

optimum hyper-parameters to obtain the final generalized model. The input layer consisted of 16 

neurons, and the output layer had a single neuron that estimated the probability of the classifier. 

Rectified linear unit (ReLU) activation functions were used in the hidden layer and sigmoid 

function was used in the output layer. To optimize the weights associated with the neurons, 

Adam optimization algorithm was used.165 Using this NN architecture, four models were trained 

on the testing cohort using following sets of features: GU*DT*, GU*D, GU* and G. For each 

model, the class-weighted BCE loss function was observed to ascertain the convergence of each 

model. An in-house Python 3.6 code was developed using the open-source Tensorflow (v1.4.1, 

Google) and Keras (v2.0.8, https://keras.io/) libraries to build the NN architecture. To assess the 

training performance of each model, we performed receiver operating characteristic (ROC) 

analysis and quantified the area under the ROC curve (AUC) with 95% confidence interval (CI) 

on the training cohort. 
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5.3.7 Testing Performance Evaluation 

The predictive performance of each model was quantified by their accuracy in predicting 

outcomes of IAs in the independent testing cohort. To compare the predictive performance of the 

models, we plotted a modified confusion matrix graph that plots each model’s accuracy on the 

same quadrant in the graph as percentages. The 4 quadrants represent true negative (residual 

predicted as residual, top left), true positive (occluded predicted as occluded, bottom right), false 

positive (residual predicted as occluded, top right) and false negative (occluded predicted as 

residual, bottom left). 

5.4 Results 

5.4.1 Patient Population and Statistical Analysis 

Based on the inclusion criteria, 105 FD-treated aneurysms in 98 patients were included in this 

study. Based on their 6-month angiographic outcome, 80 aneurysms were completely occluded 

(occlusion group) and 25 had residual contrast filling at neck/dome of the aneurysm (residual 

group). Five aneurysms were ruptured, all in the occluded group and no aneurysm ruptured 

within the 6-month follow-up period after FD-treatment. The clinical and demographic 

information of patients is listed in Table 10. The average age of patients in the occluded group 

was lower than the residual group but the different was statistically insignificant (p=0.11). Other 

clinical and demographic factors like female sex, hypertension and smoking status were also not 

significantly different between the two groups. 
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Table 10: Description of patient population 

Occluded Residual P value 

(n=75) (n=23) 

Patient Characteristics 

Age (years) 56.5±1.6 61.67±2.3 0.11 

Female sex (no. pts) 62 21 0.31 

Hypertension (no. pts) 29 11 0.41 

Smoking (no. pts) 43 14 0.36 

Table 11: Morphology, FD-related and hemodynamic parameters in FD-treated patients 

Occluded (n=80) Residual (n=25) P value 

Aneurysm Morphology 

Size (mm) 5.26±0.43 5.60±0.83 0.83 

ND (mm) 4.46±0.18 5.43±0.52 0.09 

SR 1.39±0.13 1.65±0.31 0.67 

AR 1.03±0.07 1.00±0.12 0.65 

NR 1.17±0.05 1.54±0.14 0.03* 

OsR 0.38±0.01 0.53±0.03 <0.001* 

FD Device Characteristics 

MCR (%) 27.92±0.45 26.81±0.83 0.23 

PD (1/mm2) 29.76±1.29 26.29±1.38 0.11 

Untreated Hemodynamics 

AVu* (cm/s) 6.05±0.54 10.10±1.86 0.01* 

SHRu* (1/s) 151.47±14.28 256.91±57.03 0.08 

IRu* (ml/s) 0.49±0.06 0.81±0.17 0.01* 

TTu* (s) 0.31±0.06 0.28±0.11 0.34 

Treated Hemodynamics 

AVt* (cm/s) 1.75±0.25 4.55±1.18 0.002* 

SHRt* (1/s) 43.91±6.31 121.15±36.63 0.01* 

IRt* (ml/s) 0.21±0.03 0.45±0.14 0.003* 

TTt* (s) 0.78±0.14 0.63±0.23 0.16 

*significant difference; all values expressed as (mean ± standard error). 

ND: neck diameter, SR: size ratio, AR: aspect ratio, NR: neck ratio, OsR: ostium ratio, MCR: 

metal coverage rate, PD: pore density, AV: aneurysm averaged velocity; SHR: shear rate, IR: 

inflow rate, TT: turnover time. Suffixes pre and post represent pre-treatment and post-treatment 

hemodynamic values. 
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Table 11 lists the statistical comparison of geometry, FD-related and pre- and post-

treatment hemodynamic features between the occluded and residual groups. In terms of 

geometrical features, aneurysms in the occluded group had smaller size, ND, SR, NR and OsR 

than those in the residual group. AR, on the other hand, was slightly higher in the occluded group 

than residual group. However, only OsR and NR were significantly different between the 

occluded and residual groups (p<0.001 and 0.3, respectively). With respect to FD-related 

features, both MCR and PD were higher in the occluded group than the residual group, but the 

differences were not statistically significant (MCR—p=0.23, PD—p=0.11). Among untreated 

hemodynamics, AVu*, SHRu* and IRu* were higher in the residual groups than the occluded 

group, and TTu* was higher in the residual group than the occluded group. However, only AVu* 

and IRu* had significant differences between the two groups (p=0.01 and 0.01, respectively). In 

terms of treated hemodynamics, AVt*, SHRt* and IRt* were significantly higher in the residual 

group as compared to the occluded group (p=0.002, 0.01 and 0.003, respectively). TTt* was 

higher in the occluded group, but was not statistically significant (p=0.34). 

5.4.2 Training/Testing Cohorts and Final Converged Models 

Before training NN models, input features were normalized and cases were randomly assigned to 

training and testing cohorts in ratio of approximately 3:1. Based on the randomization, 79 

aneurysms (60 occluded, 19 residual) were assigned to the training cohort and 26 aneurysms (20 

occluded, 6 residual) were assigned to the testing cohort. The final trained NN models GU*DT*, 

GU*D, GU* and G had loss function values of 0.142, 0.121, 0.166 and 0.178, respectively at the 

converged state. 
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5.4.3 Model Performance on Training and Testing Cohorts 

To quantify how well each model was trained, we plot the ROC curves of each model on the 

training cohort in Figure 26. As shown in Figure 26, GU*DT* and GU*D had the same AUC of 

0.86 with similar 95% CIs (GU*DT*: [0.70, 0.93] and GU*D: [0.66, 0.94]). G (AUC=0.84, 95% 

CI: [0.63, 0.93]) and GU* (AUC=0.78, 95% CI: [0.60, 0.86]) also had comparable performances 

in the testing cohort. AUC of all models >0.75 shows that each model was well trained on the 

training cohort. 

Figure 27 plots overall accuracy of the four models on the independent testing cohort. As 

shown in the Figure 3, GU*DT* model had drastically higher accuracy than G, GU* and GU*D 

models, with an accuracy of 92.3%. GU*D model had an accuracy of 80.77%, which was equal 

to the GU* model, showing that excluding device-related features during training did not affect 

the accuracy of the model. Lastly, model G, with only geometrical features had the worst 

predictive performance among all models, with an accuracy of only 73.08%. 

Figure 26: Receiver operating characteristic (ROC) curves for the trained NN models on the 

training cohort. Area under the ROC curve (AUC) of each model is also provided in the figure. 
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Figure 27: Accuracy of each trained NN model on the independent training cohort. 

To compare predictions of all the models, we plotted a modified confusion matrix in 

Figure 28, where each model’s individual predictions are represented in the confusion plot as 

percentages alongside other models. As shown in the Figure, GU*DT* had the fewest false 

positive predictions (16.7%) whereas G, GU* and GU*D had same rate of false positive 

(83.3%). Similarly, GU*DT* also had the best true negative predictions, which were drastically 

higher than other models. In terms true positive and false negative, all three models had similar 

performance. Overall, GU*DT* model gave the best predictions in terms of true negative and 

true positive while minimizing the false positive cases. 
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Figure 28: Modified confusion matrix plot for each NN model. Predictions of each model in 

the 4 quadrants (true negative, false positive, true positive and false negative) are represented as 

percentages. Vertical axis shows the true clinical outcome and horizontal axis shows the 

outcomes predicted by each NN model. 

5.5 Discussion 

In this study, we asked if reducing the features for training predictive models could achieve 

similar accuracy as compared to using all the features. Our results suggest that training model 

including both untreated and treated hemodynamics had 92.3% accuracy in predicting FD-

treatment outcome. Furthermore, excluding FD-device related features made no difference to 

accuracy of the models, with both GU*D and GU* having accuracy of 80.77%. Model G trained 

using aneurysmal geometrical features alone had the worst performance, with only 73% 

accuracy, which is less than predicting each case to be occluded (75% accuracy due to the class-

imbalance). 
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To gain insights on the role of hemodynamics in the NN models in predicting long-term 

outcome with high accuracy, we plotted the untreated and treated flow dynamics in 2 

representative IA models from both occluded and residual groups in Figure 29. The left panel in 

Figure 29 shows untreated hemodynamics and right panel showing treated hemodynamics for 

IAs. As shown in the Figure, the occluded aneurysms after FD-treatment had considerable 

reduction in the flow velocity with the complex vortex structure was drastically diminished after 

FD-implantation (top panel). However, for the residual aneurysms (bottom panel), this flow 

velocity inside the aneurysmal sac and the vortex structures did not show significant reduction 

after FD deployment. These observations are in accordance with our statistical results and 

previous findings, where we found that aneurysms in the occluded group had significantly lower 

flow activity in the IA sac both before and after FD placement, as compared to the residual 

aneurysms. The residual aneurysms had persistent flow into the aneurysms, which could have 

prevented their thrombotic occlusion, and eventual healing. However, the actual biological 

healing mechanism after FD-treated is unknown, 155 so it is difficult to make any inferences from 

our computational findings. Further animal and in vitro studies are required to explore the 

possible mechanism of aneurysmal healing after FD treatment.  
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Figure 29: Untreated and treated hemodynamics in representative occluded and residual 

aneurysms. 

This study shows that including treated hemodynamics is critically important to make 

accurate FD-treatment outcome predictions. Therefore, computational costs associated with 

simulating post-treatment CFD simulations needs to be reduced to make accurate predictions 

within clinical timeframes. Two critical bottlenecks while performing treated CFD simulation is 

fine volumetric computational gridding (~10-20 µm) around the FD wires, and solving the N-S 

equations under pulsatile conditions on the resulting mesh with large volumetric mesh. Strategies 

to improve efficiency during meshing include replacing the explicit FD wires by an implicit 
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porous medium that represents the FD wires. Studies have shown that such porous media 

assumptions have shown to reduce simulation run-time by 10 folds, while achieving similar 

values of FD-treated hemodynamics.166, 167 Secondly, the hemodynamic features for outcome 

prediction are time-averaged over a cardiac cycle, so a steady-state CFD simulation could be 

performed instead. A recent study168 has shown that steady-state CFD simulation have similar 

hemodynamics as their time-averaged counterparts in the pulsatile simulations. Furthermore, 

they also reported that steady-state simulations were on average 49 times faster than pulsatile 

simulations.168 Therefore, to increase the efficiency of the computational workflow, both porous 

media region to replace FD deployment and steady-state CFD simulations would reduce the 

simulation efficiency drastically. However, whether these CFD simplifications produce accurate 

treated hemodynamics features, and eventually predict the FD-treatment outcome with high 

accuracy must be evaluated. 

This study builds upon the results of our previous study where we proposed the 

computational workflow and tested its predictive performance on 84 FD-treated aneurysm 

cases.34 In this study, we have increased the number of cases to 105; the predictive performance 

of NN model increased from 90% to 92.3%. This increase could be attributed to the modified 

loss-function used in our NN models, to account for the imbalanced population of occluded and 

residual aneurysm.163 However, this might also be due to increased sample size in this study. 155 

Larger patient database is required to identify the source of increased accuracy as well as further 

test the robustness of our predictive model. 

This study had some limitations. First, CFD simulations were performed with assumed inlet and 

outlet boundary conditions and a generic waveform to represent the cardiac cycle for all cases, 

because patient-specific flow information was not available. Second, even though larger than our 
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previous study, the sample size is still small and limited to a single center. Larger sample from 

multiple centers are required to make robust predictive models. Third, this study focused on 

sidewall aneurysms located at ICA and treated using single FDs only. Therefore, our models are 

not trained for other types of aneurysms at different locations. Algorithms should be trained by 

including IAs from other locations to make generalizable predictive models. Last, we did not 

include the patients’ clinical information and comorbidities, which could play an important role 

in IA healing process after FD-treatment. Future studies should include patients’ clinical and 

demographic factors as features while training predictive models. 

5.6 Conclusions 

We compared the performance of 4 predictive models for FD-treatment outcome by successively 

reducing features based on the computational workflow. We trained 4 NN models on 79 FD-

treated IAs using the following features: (1) GU*DT*, (2) GU*D, (3) GU* and (4) G and tested 

their predictive performance on 26 independent cases. Results show that NN model trained using 

all features (GU*DT*) had the highest predictive accuracy of 92.31%. This indicates that 

including treated hemodynamics in training predictive model drastically increases the accuracy 

of prediction. In conclusion, albeit computationally expensive, it is crucial to perform pre- and 

post-treatment CFD to obtain hemodynamics to achieve highest prediction accuracy. Future 

studies should aim at reducing the computational efficiency in performing pre- and post-

treatment CFD simulations, while achieving similar prediction accuracy for FD-treated IAs. 
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Chapter 6: Conclusions and Future Directions 

6.1 Conclusions 

This dissertation proposes a computational analysis workflow that can predict the 6-month 

outcome prediction of FD-treated IAs. The workflow consists of an in-house virtual stenting 

algorithm that was developed to rapidly simulate the clinical FD-deployment in patient-specific 

IA models. 

After virtual deployments, CFD simulations are performed on untreated and treated IA 

models to obtain pre- and post-FD treatment hemodynamics in the IA model. These simulation 

results are then processed to obtain relevant aneurysmal geometrical, FD device-related, pre-and 

post-treatment hemodynamic features. These features are imported into a trained neural network 

model, which predicts whether the given IA will heal or not 6-month after treatment with the 

specific FD. Using this workflow, a feasibility study was also performed where 84 FD-treated 

IAs were analyzed using the computational workflow. The relevant features were extracted for 

each IA, and IAs were then divided into training (N=64) and testing (N=20) cohorts. ML model 

training was performed on 64 cases and accuracy was tested on 20 cases. Prediction results 

showed an accuracy of 90% in training cohort. 

Furthermore, another study was performed that assessed the impact of different sets of 

features in FD-treatment outcome predictions using our computational analysis workflow. In this 

study, 105 FD-treated IA cases were used and 4 models were trained using following features: 

(1) GU*DT*, (2) GU*D, (3) GU* and (4) G. The training cohort included 79 cases, and 26 cases 

were kept on the side for independent testing. Results showed that GU*DT* had the highest 

prediction accuracy (92.31%), followed by GU*D (80.77%), GU* (80.77%) and G (73.08%). 
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This shows that post-treatment hemodynamics is critical to achieve highly accurate outcome 

predictions for FD-treated IAs. 

Additionally, the VSW workflow developed in this dissertation has been used to study the effect 

of not only FDs, but also different stents like LVIS, Enterprise with and without adjunctive coils 

by researchers.36, 138, 169-175 

6.2 Future Directions 

This work lays a foundation for a potentially revolutionary clinical tool in the future. However, 

future steps should be taken carefully to realize the full potential of this work. The primary issue 

with the computational workflow presented here is its lack of efficiency. To make it truly 

clinically relevant, its efficiency must be increased. With respect to efficiency, there are two 

bottlenecks in the workflow: (1) manual segmentation and (2) CFD simulation with FD device. 

Manual segmentation issue has been raised in the recently concluded MATCH challenge, where 

26 groups participated. The inter-user variation in segmentations could lead to large errors in 

subsequent computational analysis.176, 177 Therefore, automated segmentation is warranted, 

which will lead to accurate and objective 3D morphometric calculations.178, 179 Deep learning 

based convolutional neural network is a good tool to enable efficient, automated segmentation. 

However, the training data must be accurate to make sure that the resulting segmentation is also 

accurate. 

With respect to CFD simulations, there are a couple of immediate directions that could be 

explored. First, the pulsatile simulations could be replaced by steady-state simulations. Studies 

have shown that steady-state simulations provide similar hemodynamic values to time-averaged 

hemodynamics from a pulsatile simulation.168 For analysis, the hemodynamics are temporally 
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and spatially averaged, so steady-state might also give similar values. However, simulations with 

steady-state conditions need to be performed and the ML model retrained to assess if steady-state 

simulation-based hemodynamics achieve similar predictions accuracy to pulsatile simulation-

derived hemodynamics. Another option is to substitute the FD wires and represent them as a 

porous medium. Researchers have performed comparison studies between porous assumption of 

FD wires against explicit FD modeling, and resulting hemodynamics has been similar. However, 

for accurate porous medium representation of FDs, values of porosity and permeability must be 

identified. FDs are highly flexible and depending on the curvature and geometry of the parent 

artery, FDs will exhibit different pores behavior in different patient-specific aneurysms. In fact, 

FDs even exhibit varying porosity within an aneurysm, as demonstrated by Damiano et al..140 

Therefore, the porous medium has be non-homogenous, with individualized porosity and 

permeability values for each case. Such individualized estimations could be achieved by using 

ML to learn from the existing database of 105 aneurysms generated during this work. 

In terms of the technical aspects of the computational workflow and its improvements, there 

could be some future directions. First, the computational analysis workflow is a segregated 

pipeline, which uses multiple software platforms like MATLAB, python, vmtk, PTC Creo 

Parametric, STAR-CCM+ among others. In its current form, the workflow is highly inefficient 

and cumbersome and needs to be redesigned to make it streamline. To that end, efforts should be 

made to develop all the tools under the same platform like python. In the last few years, python 

has emerged as one of the most powerful programming language as well as an amazing platform 

for software development. This is why python has the ability to perform all the operations 

required for the workflow to perform in a single package. Even CFD solvers like OpenFoam 

could be integrated to make a single platform for the whole analysis. 
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Appendix I: List of Abbreviations 

FD: Flow diverter 

VSW: Virtual stenting workflow 

CFD: Computational fluid dynamics 

DSA: Digital subtraction angiography 

IA: Intracranial aneurysm 

VMTK: Vascular modeling toolkit 

PED: Pipeline embolization device 

ICA: Internal carotid artery 

BA: Basilar artery 

PIV: Particle image velocimetry 

GCI: Grid convergence index 

STL: Stereolithographic 

ASI: Angular similarity index 

MSI: Magnitude similarity index 

ND: Neck diameter 

SR: Size ratio 

AR: Aspect ratio 

NR: Neck ratio 

OsR: Ostium ratio 

MCR: Metal coverage rate 

PD: Pore density 

ROC: Receiver operating curve 
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AUC: Area under the curve 

SE: Standard error 

CI: Confidence interval 

CND: clinical neck diameter 

AA: Aneurysm angle 

UI: Undulation index 

NSI: Non-sphericity index 

EI: Ellipticity index 

PVA: Parent vessel angle 

BF: Bottleneck factor 

ML: Machine learning 

LR: logistic regression 

SVM: support vector machine 

KNN: k-nearest neighbor 

NN: neural network 

ReLU: Rectified linear unit 

CV: Cross-validation 

AV: average velocity 

SHR: shear rate 

IR: inflow rate 

TT: turnover time 
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Appendix II: Supplementary Material for Chapter 2 

Contribution of Flow Impingement to Model Error 

To analyze the effect of flow jet impinging in the IA sac to the validation results (Fig. 7), we 

compared the average values of 𝐸 as well as 𝑢𝑖𝑛𝑝𝑢𝑡, 𝑢𝑛𝑢𝑚 and 𝑢𝐷 in two separate flow regions: 

(1) non-impingement zone (NZ) from 0 ≤ 𝑥 < 0.8, and (2) impingement zone (IZ) from 0.8 ≤ 𝑥 ≤ 

1 as shown in the Supplementary Fig. 1. We found that the average validation error (𝐸, hollow 

box) was 13.92% in IZ and 4.45% in NZ. The average value of overall validation uncertainty 

(𝑢𝑣𝑎𝑙) was similar in both the zones, 5.05% in NZ and 6.59% in IZ. However, the contributions 

from 𝑢𝑖𝑛𝑝𝑢𝑡 (hatched) was almost double in IZ (6.30%) as compared to NZ (3.17%). On the 

contrary, 𝑢𝑛𝑢𝑚 (black) was higher in NZ, with a value of 3.85% in NZ, as compared to 0.73% in 

IZ. The contribution from 𝑢𝐷 (shaded) was similar in both regions, 2.61% in IZ and 3.51% in 

NZ. 

Supplementary Figure 1. Bar graph showing the values of 𝐸 (hollow rectangles) and 

uncertainties (𝑢𝑖𝑛𝑝𝑢𝑡: hatched, 𝑢𝑛𝑢𝑚: black and 𝑢𝐷: shaded) along the validation line in two 

flow regions: (1) Non-impingement zone (NZ, 0 ≤ 𝑥 < 0.8) and (2) impingement zone (IZ, 0.8 ≤ 
𝑥 ≤ 0.1). 
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Appendix III: Supplementary Material for Chapter 3 

Ostium ratio (OsR) calculation 

As shown in Supplementary Figure 2A in the main text, calculating the OsR requires 

calculating the surfaces of the aneurysm ostium and the circumferential surface area of the parent 

artery. To obtain the surface data, 3 steps are required: (1) parent vessel reconstruction, which 

involves reconstructing the native (healthy, non-diseased) parent vessel from the intracranial 

aneurysm geometry; (2) ostium surface generation, which involves subtracting the aneurysm 

geometry from the native parent vessel to obtain the ostium surface; and (3) corresponding 

parent vessel isolation, which involves obtaining the corresponding parent arterial section and 

subtracting the ostium surface area from it to isolate the corresponding parent vessel surface for 

OsR calculations (Supplementary Figure 2). In step 1, the original aneurysm model surface 

geometry is used for input and Voronoi diagrams and centerlines of the aneurysm surface are 

calculated. The aneurysm model is then clipped at the aneurysm-parent artery attachment region 

using the associated centerlines. The Voronoi points are interpolated throughout the clipped 

region to fill the attachment region, which is used to reconstruct the parent vessel lumen, 

resulting in the native parent artery.180 In step 2, the original aneurysm geometry is subtracted 

from the reconstructed native parent artery, resulting in the ostium surface; the area of this 

surface is calculated as 𝐴𝑜𝑠𝑡𝑖𝑢𝑚. In step 3, the corresponding parent arterial section is first 

defined by drawing planes at the proximal and distal ends of the ostium surface on the native 

artery. The ostium surface is then subtracted from this parent artery section to obtain the 

corresponding parent artery surface for the OsR calculation; the area of this surface is calculated 

as 𝐴𝑣𝑒𝑠𝑠𝑒𝑙. Step 1 is performed using the open-source software package, Vascular Modeling 

Toolkit (vmtk; Orobix srl, Bergamo, Italy; www.vmtk.org/). Steps 2 and 3 are performed using 
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STAR-CCM+ (v11.02, Siemens PLM, Plano, TX). The 3-step procedure was followed for all 63 

aneurysm geometries to obtain aneurysm ostium and corresponding parent artery surfaces, and 

the OsR was calculated from the obtained surfaces for each case. 

Supplementary Figure 2. Workflow illustrating the 3-step procedure for obtaining aneurysm 

ostium and corresponding parent vessel surfaces from a representative aneurysm geometry. 

FD virtual deployment technique and metal coverage rate and pore-density calculation 

An in-house virtual stenting workflow (VSW) was used to deploy flow diverters (FDs) in 

the aneurysm geometries.110, 111 In previous studies, VSW-based FD deployments were found to 

be efficient and patient-optimized over existing virtual deployment techniques57, 181, 182 because 

of vessel-specific initiation and rapid FD deployment. As opposed to generic virtual deployment 

techniques, with vessel-specific initiation, the VSW optimizes the FD deployment specific to the 

patient-specific aneurysm geometry and size of the FD. Rapid deployment enables the VSW to 

deploy FDs in aneurysm models within seconds as opposed to hours or even days for other 
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methods.182, 183 The VSW consists of 3 steps: (1) pre-processing, where the parent vessel is 

isolated from the aneurysm geometry and a simplex mesh structure is generated with a maximum 

inscribed sphere diameter along the vessel centerline using vessel-specific initialization; (2) 

simplex mesh expansion, where the simplex mesh undergoes radial expansion using 

mathematical forces and stops the deployment process when the deployed simplex mesh has 

good apposition with the parent-vessel wall; and (3) post-processing, to map the FD pattern on 

the deployed simplex mesh and sweep the wires into the 3D structures. Algorithms for the VSW 

were developed on MATLAB (8.1, R2013, MathWorks, Natick, MA). The aneurysm geometries 

and the known FD device size were used as input to the VSW, and FDs were virtually deployed 

in all 63 aneurysm cases in our study. 

Metal coverage rate (MCR) and pore-density were calculated on the virtual FD-

deployment results. The design of a FD is inherently different from traditional neurovascular 

stents considering that the FD has a higher MCR (or low porosity) and lower pore-density to 

enable effective flow diversion in the aneurysms. 125 For patient-specific aneurysms, MCR and 

pore-density are calculated across the aneurysmal neck with the deployed FD to capture its 

deployment and flow-diversion capabilities at the neck surface.184 MCR quantifies the relative 

area covered by the FD struts at the neck as opposed to the open space between the struts (pores), 

and pore-density quantifies the number of pores per unit area.185 To calculate MCR and pore-

density, an image of FD-deployment results at the aneurysmal neck plane was captured for each 

patient. Digital image processing was then performed to identify the relative area of FD struts 

and open space (pores), which quantified the MCR. To quantify pore-density, the number of 

pores in the image was divided by the area of the image to obtain the number of pores per unit 

area. The images of FD deployment at the aneurysmal neck were obtained in STAR-CCM+, and 
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a standalone algorithm was written to calculate MCR and pore-density based on the image using 

MATLAB. 

Experimental validation of metal coverage rate and pore-density calculations 

To validate the MCR and pore-density values obtained from simulating FD deployments 

using VSW, we compared those values against experimental calculations based on physical FD 

deployments on silicone phantom models of 3 representative patient-specific internal carotid 

artery (ICA) aneurysms (Supplemental Figure 3A). Three aneurysm cases were chosen— 

representing a small, a medium, and a giant sidewall aneurysm, with aneurysm sizes of 5 mm, 

9mm, and 18 mm, respectively. We used a previously described lost wax technique114 to 

fabricate optically-clear silicone phantom models for each case. The silicone models were re-

imaged using a Toshiba Infinix C-arm machine (Toshiba Medical Systems Corp., Tokyo, Japan) 

to obtain accurate surface geometry of the aneurysms. The re-imaged aneurysms were 

segmented, again using vmtk, to obtain 3D surface geometries of the silicone phantoms. Using 

these re-imaged 3D aneurysm geometries, the parent artery diameters were measured as 2.5 mm, 

3.1 mm, and 2.8 mm in the small, medium, and giant aneurysms, respectively. Accordingly, FDs 

of sizes 2.75×20 mm, 3.75×20 mm and 3×25 mm were deployed in the small, medium, and giant 

ICA silicone models, respectively, by an experienced neurointerventionist to ensure uniform FD 

deployment in each model. The VSW algorithm was then used on the re-imaged 3D geometries 

of each aneurysm model to simulate the physical deployment of the FDs of the given sizes in the 

silicone and 3D models. 

To obtain experimental values of MCR and pore-density for each case, an image of the 

FD deployment was first taken at the neck of the aneurysm. The FD wires were then traced to 

obtain the wire configuration in the image. The final MCR and pore-density were calculated on 
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this processed image. The workflow used for calculating MCR and pore-density is illustrated on 

an example plane on the medium ICA phantom in Supplemental Figure 3B. 

Supplementary Figure 3. A. Representative patient-specific aneurysm models for experimental 

validation of VSW: small ICA (5mm), medium ICA (9mm), and giant ICA (18mm). B. Illustration 

of the experimental workflow to calculate MCR and pore-density for experimental deployments 

on silicone phantoms for validation of VSW. 

Values of MCR and pore-density for experimental and VSW deployments are plotted in 

Supplemental Figure 4. The values of MCR and pore-density obtained from virtual VSW 
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Supplementary Figure 4. Comparison of MCR and pore-density in the three representative 

aneurysm models between experimental (orange) and VSW (blue) deployments. The numbers on 

top of the graphs represent MCR and pore-density values for each case. 

deployment were close to experimental values. The percentage error in MCR values of VSW 

with respect to the experimental values were 0.7%, 8.2%, and 7.6% for the small, medium, and 

giant ICA aneurysms, respectively. For pore-density, VSW showed a percentage error of 7.8%, 

6.6%, and 6.8% with respect to experimental pore-density values for small, medium, and giant 

ICA, respectively. 

Measurements for Neck Ratio Calculations (D1 and D2) 

Average measurements of D1 in the occluded and residual groups were 3.84±0.09 and 

3.89±0.17, respectively. Average D2 was 3.36±0.08 in the occluded group and 3.66±0.13 in the 

residual group. Even though there was tapering of the parent artery between the proximal and 

distal ends of the aneurysms in the measured D1 and D2, these values were not statistically 

different in the occluded and residual groups (D1: p=0.77, D2: p=0.08). 
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