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Abstract 

Accurate characterization of cerebral aneurysm hemodynamics is important for 

understanding flow-related mechanisms associated with aneurysm progression and for 

quantifying the hemodynamic modifications induced by endovascular treatment. 

However, high-fidelity transient computational fluid dynamics (CFD) simulations are 

computationally demanding, particularly when time-resolved three-dimensional 

hemodynamic fields are required. This study presents a comparative evaluation of 

three reduced-order modeling (ROM) strategies—proper orthogonal decomposition 

(POD), principal component analysis (PCA), and Autoencoder—coupled with a 

temporal convolutional network (TCN) for reconstruction and temporal prediction of 

hemodynamics in a patient-specific internal carotid artery saccular aneurysm before 

and after endovascular coiling. Pulsatile, non-Newtonian blood flow was simulated 

using the Casson model, while the coiled aneurysm region was represented through a 

porous-medium formulation. Wall shear stress (WSS/AWSS), oscillatory shear index 

(OSI), and pressure fields were extracted from CFD simulations and compressed into 

low-dimensional representations using the three ROM approaches. A common TCN 

architecture was subsequently employed to learn the temporal evolution of the reduced 

coefficients and predict future hemodynamic states. The results demonstrate that 

coiling substantially suppresses intra-aneurysmal flow activity and modifies the spatial 

distributions of WSS, OSI, and pressure. The modal analysis further shows that 

approximately 99% of the dominant information can be retained using a relatively 

small number of modes or latent variables, although the required dimensionality 

varies among hemodynamic quantities and ROM techniques. All three hybrid 

frameworks successfully reconstructed the major spatial characteristics of the CFD 

fields, while prediction accuracy decreased with increasing forecast horizon. Among 

the investigated approaches, PCA–TCN showed the most stable predictive behavior 

for the present dataset and effectively reproduced the principal distributions of WSS, 

OSI, and pressure in both original and coiled configurations. These findings 

demonstrate the potential of ROM–TCN frameworks as computationally efficient 

surrogate models for time-resolved assessment of cerebral aneurysm hemodynamics 

and treatment-induced flow alterations. 
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1. Introduction 

Cerebral aneurysms are localized pathological dilations of intracranial arteries that arise from progressive 

weakening and remodeling of the vascular wall under the combined influence of biological processes, vascular 

morphology, and repetitive hemodynamic loading [1, 2]. They frequently develop at arterial bifurcations and highly 

curved vascular segments, where complex flow patterns and nonuniform mechanical stresses are present [3, 4]. Among 

the different aneurysm morphologies, saccular intracranial aneurysms are of particular clinical importance because of 

their prevalence and potential for rupture. These aneurysms are characterized by a pouch-like sac connected to the 

parent vessel through a neck, creating a flow environment markedly different from that of the surrounding artery [5]. 

Blood entering the sac can generate a concentrated inflow jet, wall impingement, recirculation zones, flow separation, 

and spatially heterogeneous shear stresses. Progressive alterations in the aneurysm wall may eventually result in 

rupture and subarachnoid hemorrhage, which is associated with substantial mortality and neurological morbidity. 

Understanding the interaction between aneurysm morphology, treatment, and local hemodynamics is therefore 

important for investigating aneurysm progression and the mechanisms associated with rupture [6, 7]. 

Reliable identification and characterization of cerebral aneurysms are essential for assessing their condition and 

supporting treatment planning. Conventional clinical evaluation is primarily based on medical imaging, aneurysm size 

and morphology, anatomical location, growth history, and patient-specific factors [8, 9]. However, geometrically 

similar aneurysms may exhibit substantially different blood-flow characteristics, motivating the use of patient-specific 

hemodynamic analysis as a complementary biomechanical tool. Computational fluid dynamics (CFD) provides 

detailed spatial and temporal information on aneurysmal blood flow and enables evaluation of quantities such as wall 

shear stress (WSS), oscillatory shear index (OSI), and pressure throughout the cardiac cycle. WSS characterizes the 

tangential force imposed by blood flow on the vessel wall, whereas OSI describes temporal changes in the direction 

of the shear stress and can identify regions exposed to strongly oscillatory flow [10-12]. Pressure represents another 

component of the mechanical loading acting on the aneurysmal wall. Importantly, these quantities should not be 

considered individually as deterministic indicators of rupture; rather, their spatial and temporal distributions provide 

complementary information about the local biomechanical environment [13]. CFD is also particularly useful for 

investigating endovascular coiling, because comparison of the same aneurysm before and after treatment can reveal 

how coil-induced obstruction modifies intra-aneurysmal circulation, suppresses the inflow jet and recirculation, and 

redistributes important hemodynamic quantities [14-16]. In fig. 1, schematic of the blood flow inside the sac 

with/without coiling are demonstrated. 

 
Fig 1:  Schematic of the blood flow in the sac region in original patient with/without endovascular coiling 

Although CFD offers high-resolution characterization of these changes, transient patient-specific simulations can 

be computationally expensive because they require complex vascular geometries, sufficiently refined meshes, small 

time steps, and simulations over multiple cardiac cycles [17, 18]. Furthermore, storing and processing the resulting 

three-dimensional transient fields generates high-dimensional datasets that complicate repeated analyses and rapid 

prediction. This challenge has encouraged the development of hybrid reduced-order modeling and machine-learning 
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frameworks in which high-fidelity CFD data are first compressed into a low-dimensional representation and 

subsequently predicted using a temporal learning algorithm. Reduced-order models (ROMs) can retain the dominant 

features of the original CFD fields while substantially decreasing the number of variables required to represent the 

flow [19-21]. Temporal predictors such as long short-term memory (LSTM) networks and Temporal Convolutional 

Networks (TCNs) can then learn the evolution of the reduced variables and forecast unseen portions of the cardiac 

cycle. TCNs are particularly attractive for transient hemodynamic applications because causal and dilated 

convolutions can capture temporal dependencies over relatively long sequences while allowing efficient and 

parallelizable training. Such ROM–TCN frameworks could provide computationally efficient surrogate models for 

reconstructing and predicting WSS, OSI, pressure, and other flow quantities in both untreated and treated aneurysm 

configurations. 

The effectiveness of a hybrid ROM–TCN framework nevertheless depends strongly on the dimensionality-

reduction method used to represent the original CFD fields. Proper Orthogonal Decomposition (POD) represents the 

flow using a limited number of orthogonal modes selected according to their contribution to the snapshot energy, 

providing a physically interpretable low-dimensional approximation of complex flow structures. Principal Component 

Analysis (PCA) similarly projects high-dimensional data onto orthogonal components that capture the dominant 

variance of the dataset and provides an efficient linear compression strategy. Although POD and PCA are closely 

related linear projection techniques in many snapshot-based formulations, their implementation and interpretation 

within data-driven workflows can differ. In contrast, an Autoencoder (AE) uses nonlinear encoder and decoder 

networks to map the original CFD fields into a compact latent space and reconstruct them, potentially representing 

nonlinear hemodynamic structures that require a larger number of linear modes [22-24]. A direct comparison under 

identical CFD data, training/testing partitions, and predictive-network settings is therefore needed to determine how 

the selected ROM influences reconstruction and temporal prediction. 

Accordingly, the present study develops a unified framework to compare POD–TCN, PCA–TCN, and 

Autoencoder–TCN for the reconstruction and prediction of patient-specific cerebral aneurysm hemodynamics. Rather 

than considering independent aneurysm geometries, the analysis focuses on the same saccular aneurysm in its original 

untreated state and after endovascular coiling, thereby allowing changes in model performance to be examined 

alongside treatment-induced alterations in the underlying flow environment. High-fidelity transient CFD data are 

generated for both configurations, and WSS, OSI, and pressure fields are used to construct and evaluate the three 

reduced-order representations. Each reduced representation is subsequently coupled with the same TCN-based 

temporal prediction strategy and assessed over the cardiac cycle using consistent reconstruction and prediction 

metrics. This design provides a controlled comparison of linear modal reduction and nonlinear latent-space 

compression while simultaneously examining whether their predictive performance is maintained after the substantial 

modification of intra-aneurysmal flow produced by coiling. The study therefore aims to identify the strengths and 

limitations of POD, PCA, and Autoencoder representations for efficient surrogate modeling of pre- and post-coiling 

cerebral aneurysm hemodynamics, rather than using the predicted hemodynamic quantities themselves as direct 

clinical indicators of rupture or treatment success. 

 

2. Computational Modeling of Blood Flow in a Patient-Specific Cerebral Aneurysm 

2.1. Patient  

A patient-specific intracranial aneurysm geometry was selected from the Aneurisk Web Project [25] to investigate 

cerebral hemodynamics before and after endovascular coiling. The selected geometry corresponds to Patient ID 06, 

representing an unruptured lateral (LAT) saccular aneurysm located in the internal carotid artery (ICA). The patient 

was a 45-year-old female with no reported multiple aneurysms. As illustrated in Fig. 2, the reconstructed vascular 

domain includes the aneurysm sac, parent ICA, and downstream branches, allowing the complex curvature and 

topology of the patient-specific cerebral vasculature to be retained in the computational model. The untreated 

configuration is hereafter referred to as the original model, whereas the corresponding geometry incorporating the 

endovascular treatment is denoted as the coiled model. Using the same vascular geometry for both configurations 

provides a controlled basis for identifying treatment-induced changes in WSS, OSI, and pressure and for evaluating 

the performance of the PCA–TCN, POD–TCN, and Autoencoder–TCN reduced-order frameworks. 

The selected aneurysm has a sac volume of 166.77 mm³, surface area of 130.67 mm², and sac section area of 36.61 

mm². Its ellipsoidal maximum, intermediate, and minimum semi-axes are 3.839, 2.518, and 2.358 mm, respectively, 

while the sac centerline length is 5.981 mm. The ostium has an area of 34.924 mm² and perimeter of 22.049 mm, with 

minimum and maximum dimensions of 2.584 and 4.433 mm, respectively. The calculated aspect ratio and size ratio 

are 0.944 and 2.129. The parent vessel has a mean radius of 1.702 mm and a length of 88.036 mm, while the sac–neck 
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vessel angle and sac–vessel angle are 31.41° and 45.34°, respectively. These morphological characteristics provide 

the geometric basis for the patient-specific CFD simulations and subsequent reduced-order analyses. 
Ostium (neck) area 34.92 mm² 

Fig. 2: Patient-specific geometry used for the computational analysis. 

 

The principal morphological characteristics of the selected patient-specific aneurysm are summarized in Table 1. 

The selected parameters characterize the overall aneurysm size, neck geometry, and sac–parent-vessel relationship, 

which are particularly relevant to the development of the intra-aneurysmal flow pattern and the resulting hemodynamic 

environment. 

Table 1: Principal geometrical characteristics of the selected ICA saccular aneurysm (Patient ID 06).  

Geometrical feature Value 

Sac volume 166.77 mm³ 

Sac surface area 130.67 mm² 

Ostium (neck) area 34.92 mm² 

Aspect ratio 0.944 

Size ratio 2.129 

The porous region was assigned a porosity of 0.791 and a permeability of 1.2555 × 10−7 m2. The corresponding 

viscous resistance was 7.964902 × 106 m−2, which is the inverse of the specified permeability, 

𝛼−1 =
1

𝐾
,    (1) 

where 𝐾 denotes permeability. Accordingly, 

1

1.2555×10−7 ≈ 7.9649 × 106 m−2.         (2) 

The momentum loss introduced by the coil-packed porous region can be represented through a Darcy-type 

momentum sink, 

𝐒𝑝 = −
𝜇

𝐾
𝐮,           (3) 

where𝜇 is the local dynamic viscosity and 𝐮 is the velocity vector. This resistance suppresses intra-aneurysmal 

flow and modifies the spatial distribution and temporal evolution of the hemodynamic quantities investigated in this 

study. The porous-medium approximation therefore provides a computationally tractable representation of the bulk 

hydraulic influence of coil packing; it is not intended to reproduce the detailed flow around individual coil wires 
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2.2. CFD Modeling of Patient-Specific Blood Flow 

Transient three-dimensional CFD simulations were performed for both the original and coiled aneurysm 

configurations. Blood was considered an incompressible, non-Newtonian fluid, and the flow was assumed to remain 

laminar throughout the investigated cardiac cycle [26-28]. Because the objective of the present study was to compare 

the hemodynamic fields and reduced-order prediction performance before and after coiling rather than investigate 

wall deformation, a non-FSI approach was adopted. Consequently, the vascular walls were assumed rigid with a no-

slip boundary condition. The governing equations consist of conservation of mass and momentum, 

∇ ⋅ 𝐮 = 0,                                       (4) 

and 

𝜌 [
𝜕𝐮

𝜕𝑡
+ (𝐮 ⋅ ∇)𝐮] = −∇𝑝 + ∇ ⋅ [𝜇eff(∇𝐮 + ∇𝐮𝑇)],                     (5) 

where ρ is blood density, u is the velocity vector, p denotes pressure, μ_eff" is the apparent non-Newtonian 

viscosity. 

The non-Newtonian behavior of blood was represented using the Casson rheological model [29, 30]. This model 

was selected because it accounts for the shear-dependent apparent viscosity and yield-stress behavior of blood, which 

can become relevant in the low-velocity and recirculating regions commonly encountered inside aneurysmal sacs. The 

Casson relation may be expressed as 

𝜏 = (√𝜏𝑦 + √𝜇𝑐𝛾̇)
2
,                           (6) 

where τ is the shear stress, τ_y is the Casson yield stress, μ_c is the Casson viscosity coefficient, and γ ˙ 

denotes the shear rate. Blood density was specified as 1050 kg〖 m〗^(-3), while the Casson parameters were 

maintained consistently for the original and coiled configurations so that the observed differences resulted from the 

treatment model rather than changes in blood properties. ANSYS-Fluent software [31] is used for the modeling of the 

blood flow inside the vessel and sac region. 

2.3. Physiological Boundary Conditions and Transient Simulation 

Physiologically pulsatile boundary conditions were imposed to reproduce the temporal variation of cerebral blood 

flow over the cardiac cycle. As illustrated in Fig. 3, a time-dependent mass-flow waveform was prescribed at the ICA 

inlet, while a physiological time-varying pressure waveform was imposed at the downstream outlets. The inlet 

waveform contains the characteristic acceleration, peak-systolic, deceleration, and diastolic phases of pulsatile arterial 

flow. The same inlet and outlet profiles were applied to the original and coiled models, ensuring that differences 

between the two simulations could be attributed to the presence of the coil-equivalent porous region. 

The flow equations were solved using a pressure-based transient formulation with second-order temporal 

discretization and pressure–velocity coupling. A time step of 0.1 ms was employed to resolve transient variations 

during the cardiac waveform. Three complete cardiac cycles were simulated to minimize the influence of numerical 

initialization and establish a periodic flow response. Results from the final cardiac cycle were subsequently used for 

calculation of the hemodynamic quantities and generation of the snapshot datasets required by the ROM–TCN models. 

In particular, instantaneous pressure and WSS distributions were extracted, while OSI was determined from the 

temporal variation of the wall shear-stress vector. These datasets were then employed consistently in the POD-, PCA-

, and Autoencoder-based dimensionality-reduction frameworks. 

2.4. Computational Grid and Mesh Strategy 

The computational domain was discretized using an unstructured mesh designed to resolve both the complex 

curvature of the ICA and the detailed geometry of the aneurysm sac. As demonstrated in Fig. 4, local mesh refinement 

was applied in the aneurysmal region, particularly near the aneurysm neck and wall, where large spatial variations in 

velocity and wall shear stress were expected. A comparatively coarser mesh was employed away from the aneurysm 

in portions of the parent vessel where the geometric and flow gradients were less severe. This nonuniform mesh 

strategy reduced the overall computational cost while maintaining enhanced spatial resolution in the regions most 

relevant to the hemodynamic analysis. 
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Fig. 3: Patient-specific computational domain and physiological boundary conditions used for the transient CFD simulations.  

 

 
Fig. 4: Computational grid generated for the patient-specific ICA aneurysm. 

 

Additional near-wall refinement was introduced to improve calculation of velocity gradients and WSS. The inlet 

cross-section was also adequately resolved to ensure accurate application and development of the prescribed pulsatile 

inflow. For the coiled configuration, sufficient spatial resolution was maintained across the porous sac region and 

particularly near the interface between the parent-vessel flow and the porous aneurysm domain. Importantly, because 

the coils were modeled as an equivalent porous medium rather than explicitly as individual wires, the computational 

grid did not need to resolve the diameter or surface of each coil strand. This approach substantially reduces the cell 

count compared with an explicit coil-wire model while retaining the principal flow-resistance effect of the treatment. 

 

3. Reduced-Order Modeling and Temporal Prediction Framework 

To reduce the computational burden associated with high-dimensional transient CFD data and enable efficient 

prediction of aneurysmal hemodynamics, three dimensionality-reduction approaches—Principal Component Analysis 
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(PCA), Autoencoder (AE), and Proper Orthogonal Decomposition (POD)—were independently combined with a 

common Temporal Convolutional Network (TCN). The overall architecture is illustrated in Fig. 5. For each 

hemodynamic variable considered in this study, namely pressure, WSS, and OSI, CFD snapshots obtained over the 

cardiac cycle were first arranged as a high-dimensional spatiotemporal dataset. Each ROM then compressed the spatial 

CFD fields into a substantially smaller set of time-dependent coefficients or latent variables. These reduced 

representations were supplied to the same TCN framework through sliding temporal windows to learn their temporal 

evolution. The TCN-predicted coefficients were subsequently transformed back into the physical domain using the 

corresponding inverse PCA transformation, Autoencoder decoder, or POD reconstruction procedure. Applying a 

common temporal predictor is important because it enables the differences in reconstruction and prediction 

performance to be primarily associated with the selected dimensionality-reduction strategy. The same procedure was 

applied independently to the original and coiled patient configurations, allowing the robustness of each ROM–TCN 

framework to be assessed before and after the substantial modification of intra-aneurysmal hemodynamics produced 

by coiling. 

 

Fig. 5: Schematic representation of the three reduced-order modeling and temporal-prediction frameworks employed in this study: 

(A) PCA–TCN, (B) Autoencoder–TCN, and (C) POD–TCN. 

 

3.1. . Principal Component Analysis–TCN 

PCA provides a linear dimensionality-reduction technique in which the original CFD snapshots are projected onto 

a set of mutually orthogonal principal components that retain the directions of greatest variance in the dataset. For a 

snapshot matrix 

𝐗 = [𝐱𝟏, 𝐱𝟐, … , 𝐱𝑻] ∈ ℝ𝑵×𝑻 , 
where 𝑁 represents the number of spatial degrees of freedom and 𝑇 is the number of temporal snapshots, the 

temporal mean is first calculated and removed, 

𝐗′ = 𝐗 − 𝐱. 
The covariance matrix can then be expressed as 
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𝐂 =
𝟏

𝑻 − 𝟏
𝐗′𝐗′𝑻 . 

Its eigenvectors define the principal directions, whereas the corresponding eigenvalues indicate the variance 

represented by individual components [32]. After retaining the first 𝑟  components, the reduced representation is 

obtained as 

𝐙𝑷𝑪𝑨 = 𝐖𝒓
𝑻(𝐗 − 𝐱), 

where 𝐖𝑟 contains the retained principal components. Thus, each instantaneous CFD field containing a very large 

number of spatial variables is replaced by only 𝑟 PCA coefficients. 

As illustrated in Fig. 5A, the temporal sequences of these coefficients were divided into sliding windows and 

supplied to the TCN. The network predicts the PCA coefficients corresponding to future time instances. The predicted 

physical field is recovered through inverse PCA transformation, 

𝐱̂(𝒕) = 𝐱 + 𝐖𝒓𝐳̂𝑷𝑪𝑨(𝒕). 
The PCA-TCN framework therefore represents a fully linear spatial-compression approach combined with 

nonlinear temporal prediction. 

3.2. Autoencoder-TCN 

Unlike PCA, an Autoencoder provides a nonlinear representation of the CFD snapshots. As shown in Fig. 5B, the 

network consists of an encoder and a decoder. The encoder progressively transforms the high-dimensional input field 

into a compact latent vector, 

𝐳(𝒕) = 𝒇𝐞𝐧𝐜[𝐱(𝒕); 𝜽𝒆], 
where 𝑓enc  denotes the nonlinear encoder transformation, 𝜽𝑒 represents its trainable parameters, and 𝐳 ∈ ℝ𝑟 is the 

reduced latent representation. The decoder performs the reverse transformation, 

𝐱̃(𝒕) = 𝒇𝐝𝐞𝐜[𝐳(𝒕); 𝜽𝒅]. 
The Autoencoder is trained by minimizing the difference between the original CFD snapshot and its reconstructed 

counterpart [33]. A representative reconstruction objective is 

ℒ𝐴𝐸 =
1

𝑇
∑  

𝑇

𝑡=1

‖𝐱(𝑡) − 𝐱̃(𝑡)‖2
2. 

The principal advantage of this approach for aneurysmal flows is that the compression is not restricted to a linear 

subspace. The encoder can therefore represent nonlinear relationships among complex spatial structures, including 

localized WSS distributions and strongly heterogeneous intra-aneurysmal flow features. 

Following training, only the latent coefficients associated with each CFD snapshot are used for temporal modeling. 

A sequence of latent vectors is supplied to the TCN, which predicts their future evolution. The predicted latent state, 

𝐳̂(𝑡 + Δ𝑡), 
is then passed through the trained decoder to reconstruct the corresponding hemodynamic field, 

𝐱̂(𝒕 + 𝚫𝒕) = 𝒇𝐝𝐞𝐜[𝐳̂(𝒕 + 𝚫𝒕)]. 
This Autoencoder-TCN combination consequently provides nonlinear compression in the spatial domain together 

with TCN-based temporal forecasting. 

3.3.  Proper Orthogonal Decomposition-TCN 

POD provides a modal representation of the CFD field by identifying an orthogonal basis that optimally represents 

the energetic content of the available snapshots. The mean-subtracted snapshot matrix can be decomposed using 

singular value decomposition (SVD), 

𝐗′ = 𝐔𝚺𝐕𝑇 , 
where the columns of U define the POD spatial modes, 𝚺 contains the singular values, and 𝐕 contains the associated 

temporal information [34]. The instantaneous field can then be approximated using the first 𝑟 dominant modes, 

𝐱(𝑡) ≈ 𝐱 + ∑  

𝑟

𝑖=1

𝑎𝑖(𝑡)𝝓𝑖 , 

where 𝝓𝑖  represents the 𝑖  th POD mode and 𝑎𝑖(𝑡)  is its corresponding temporal coefficient. 

The number of retained modes was determined according to the cumulative modal energy, 
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𝐸𝑟 =
∑  𝑟

𝑖=1  𝜎𝑖
2

∑  𝑁
𝑖=1  𝜎𝑖

2, 

 

where 𝜎𝑖 denotes the 𝑖 th singular value. Retaining the dominant modes removes low-contribution information 

while preserving the major spatial structures of the CFD solution. 

As depicted in Fig. 5C, the resulting modal coefficients form a low-dimensional temporal sequence that is supplied 

to the TCN. After forecasting, the predicted modal coefficients are projected back into physical space according to 

𝐱̂(𝑡) = 𝐱 + ∑  

𝑟

𝑖=1

𝑎̂𝑖(𝑡)𝝓𝑖 . 

POD therefore provides a compact and physically interpretable modal representation against which the PCA and 

nonlinear Autoencoder approaches can be compared. 

3.4. Temporal Convolutional Network (TCN) 

A common TCN architecture was adopted for all three ROM approaches to provide a consistent basis for temporal 

prediction. As illustrated in Fig. 5, the input to the TCN is not the original high-dimensional CFD field but a sequence 

of reduced PCA coefficients, Autoencoder latent variables, or POD modal coefficients. A sliding window of length 𝐿 

is constructed from the reduced temporal sequence, 

𝐙𝑡−𝐿+1:𝑡 = {𝐳𝑡−𝐿+1, … , 𝐳𝑡}, 

and is used to estimate one or more subsequent reduced states, 

𝐳̂𝑡+1:𝑡+𝐻 = 𝐹TCN(𝐙𝑡−𝐿+1:𝑡), 

where 𝐿 is the input sequence length and 𝐻 denotes the prediction horizon. The TCN employs causal convolutions, 

ensuring that the predicted state at a given time depends only on the current and previous observations and does not 

use information from future time steps. To capture temporal dependencies over a longer portion of the cardiac cycle 

without requiring an excessively deep network, dilated convolutions are employed. For a one-dimensional input 

sequence 𝑧, the dilated convolution can be expressed as 

𝐹(𝑡) = ∑  

𝐾−1

𝑘=0

𝑓(𝑘)𝑧(𝑡 − 𝑑𝑘), 

where 𝐾 is the convolutional kernel size and 𝑑 represents the dilation factor. Successively increasing dilation 

factors, such as 𝑑 = 1,2,4, …, expand the effective receptive field and allow the network to learn both short- and 

longer-term temporal variations in the reduced hemodynamic representation [35]. 

Using an identical TCN concept for PCA, Autoencoder, and POD is particularly important for the objectives of the 

present study. It provides a controlled comparison in which all three methods receive CFD information from the same 

patient and predict the same hemodynamic variables, while differing primarily in how the original spatial fields are 

compressed and reconstructed. Furthermore, the analysis is performed for both the untreated original aneurysm and 

the coiled aneurysm, providing an additional test of whether each reduced representation can adequately capture and 

predict the different hemodynamic environments before and after intervention. 

 

4. Results and Discussion 

4.1.  Effect of Endovascular Coiling on Intra-Aneurysmal Flow Structure 

Figure 6 illustrates the substantial modification of the intra-aneurysmal flow structure induced by endovascular 

coiling. In the original untreated aneurysm, the incoming blood flow penetrates deeply into the sac and develops a 

complex three-dimensional circulation characterized by numerous high-velocity streamlines, strong flow turning, and 

extensive recirculation throughout the aneurysmal cavity. Local velocities approaching the upper range of the scale 

(~0.9 m/s) are observed along portions of the inflow pathway, indicating considerable momentum transfer from the 

parent vessel into the sac. Following endovascular coiling, the porous resistance introduced within the aneurysm 

markedly attenuates this penetration and dissipates the momentum of the incoming jet. Consequently, the number of 

high-velocity trajectories inside the sac is substantially reduced, while a larger portion of the aneurysmal volume is 

occupied by low-velocity flow, particularly toward the dome and peripheral regions. The streamline patterns also 

become less energetic and less extensively distributed within the sac compared with the untreated configuration. These 

observations demonstrate that coiling acts primarily by increasing hydraulic resistance within the aneurysm, thereby 

suppressing intra-sac circulation and partially isolating the aneurysmal cavity from the energetic parent-vessel flow. 
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Such pronounced alteration of the underlying flow field is also important for the subsequent ROM analysis because 

the POD, PCA, and Autoencoder models must represent two distinctly different hemodynamic states using compact 

reduced-dimensional representations. 

Fig. 6. Comparison of velocity-colored streamlines within the patient-specific ICA aneurysm before (original) and after endovascular 

coiling, illustrating the suppression of intra-aneurysmal flow penetration and circulation induced by the coil-equivalent porous region 

 

4.2. Evaluation of Dimensionality Reduction and Selection of Retained Modes 

Figure 7 compares the dimensionality-reduction behavior of POD, PCA, and Autoencoder (AE) for the three target 

hemodynamic quantities, namely OSI, pressure, and AWSS, in both the original and coiled aneurysm configurations. 

A 99% information-retention threshold was adopted to determine a sufficiently compact representation while 

preserving the dominant characteristics of the CFD fields. The results reveal clear differences among both the 

hemodynamic variables and reduction techniques. For POD, OSI and pressure exhibit very rapid convergence, with 

only a few dominant modes accounting for almost all of the field information. AWSS shows a slower accumulation, 

particularly for the original aneurysm, indicating a more spatially complex distribution that requires a larger modal 

basis. Coiling also modifies the modal-energy distribution; most notably, the AWSS curve for the coiled configuration 

rises more rapidly than that of the original case, suggesting that suppression of complex intra-aneurysmal circulation 

concentrates the wall-shear dynamics into fewer dominant structures. The PCA results show a similar overall 

tendency, with OSI and pressure approaching the 99% threshold using only a small number of principal components, 

whereas AWSS again requires a larger reduced space. This behavior confirms that the wall-shear field contains richer 

spatial variations than pressure and OSI and is therefore more demanding to compress. 

The Autoencoder exhibits a somewhat different convergence pattern because its latent variables represent a 

nonlinear encoding rather than orthogonal modes ranked strictly by modal energy or variance. As shown in Fig. 7(c), 

pressure and OSI can be represented with relatively few latent dimensions, while AWSS requires a progressively 

larger latent space to reach the prescribed information-retention level. The distinction between the original and coiled 

configurations is also apparent, demonstrating that the change in flow topology induced by coiling affects the 

complexity of the reduced representation. Nevertheless, all three approaches approach or exceed the 99% threshold 

within approximately 10 reduced dimensions, indicating that the high-dimensional CFD datasets possess substantial 

redundancy and can be represented using a comparatively compact latent space. Based on these results, 10 retained 

dimensions were selected for POD, PCA, and Autoencoder in the subsequent TCN analysis. Using the same reduced 

dimension for all three methods also establishes a consistent basis for comparing their reconstruction and temporal-

prediction performance, ensuring that differences among POD–TCN, PCA–TCN, and Autoencoder–TCN are not 

simply caused by using different latent-space sizes. 
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a) 

 

b) 

 

c) 

 
Fig. 7. Accumulated information/energy as a function of the reduced-space dimension for the original and coiled aneurysm 

configurations using (a) POD modes, (b) PCA components, and (c) Autoencoder latent-space dimensions.. 



742 M. Barzegar Gerdroodbary and Seyedeh Zahra Sajadi 

4.3. Reconstruction Accuracy of POD, PCA, and Autoencoder Models 

Figure 8 compares the reconstruction errors of the POD, PCA, and Autoencoder models for the principal 

hemodynamic quantities in the original and coiled aneurysm configurations over the cardiac cycle. In general, the 

reconstruction error is strongly dependent on the hemodynamic variable, demonstrating that the ability of a reduced-

order representation to recover the CFD solution is governed by the spatial complexity and temporal variability of the 

underlying field. Pressure exhibits the lowest and most stable reconstruction error, consistent with its relatively smooth 

spatial distribution and the rapid information convergence observed in Fig. 7. In contrast, WSS/AWSS and OSI are 

more difficult to reconstruct, because they are highly sensitive to local velocity gradients, near-wall flow structures, 

flow separation, and recirculation within the aneurysm sac. Consequently, relatively small discrepancies in the 

reconstructed velocity-related structures can produce more noticeable errors in these wall-based parameters. 

Comparison of the three ROM approaches further demonstrates the influence of the selected dimensionality-

reduction strategy. POD and PCA provide compact linear representations and reproduce the dominant global 

characteristics of the CFD fields effectively, particularly for pressure. Their reconstruction errors arise primarily from 

truncating the higher-order modes/components, which contain lower-energy but potentially important localized spatial 

information. The Autoencoder differs fundamentally because its nonlinear encoder–decoder structure is able to map 

the CFD fields onto a nonlinear latent manifold, providing greater flexibility for representing spatially heterogeneous 

hemodynamic patterns. Nevertheless, its reconstruction quality also depends on the adequacy of the latent-space 

dimension and the training of the encoder and decoder; therefore, nonlinear compression does not automatically 

guarantee lower error at every instant or for every variable. The temporal fluctuations visible in Fig. 8 indicate that 

reconstruction accuracy also varies throughout the cardiac cycle, with larger deviations tending to occur during phases 

characterized by stronger changes in the underlying flow field. 

A further important observation is the difference between the original and coiled aneurysm. As demonstrated 

previously by the streamline comparison in Fig. 6, coiling substantially suppresses the energetic intra-sac circulation 

and changes the spatial organization of the flow. These changes modify the dimensional complexity of the 

hemodynamic fields and, consequently, their reconstruction behavior. The differences between the original and coiled 

error curves therefore indicate that ROM performance is not determined solely by the reduction algorithm but also by 

the physical state being represented. In particular, the more organized and attenuated intra-aneurysmal flow produced 

by the porous coil region can concentrate the dominant dynamics into a smaller number of structures for some 

variables, whereas sharp local gradients near the neck and the transition between the parent vessel and treated sac may 

remain challenging to reconstruct. Overall, Fig. 8 demonstrates that the selected reduced representations preserve the 

principal characteristics of the CFD solutions while reducing the original high-dimensional fields to only 10 reduced 

variables. The reconstruction assessment is especially important because these reconstructed reduced states form the 

basis for the subsequent TCN prediction; thus, the final accuracy of the hybrid POD–TCN, PCA–TCN, and 

Autoencoder–TCN models reflects both the intrinsic ROM reconstruction error and the additional error introduced 

during temporal forecasting. 

4.4. Prediction Performance of the ROM–TCN Models 

Figure 9 compares the reconstruction and temporal prediction errors obtained using the PCA–TCN, POD–TCN, 

and Autoencoder–TCN frameworks for OSI, pressure, and WSS in the original and coiled aneurysm configurations. 

The prediction interval begins at a normalized time of approximately 0.76, as indicated by the shaded region. A 

common feature of all three approaches is the clear increase in error when transitioning from reconstruction to 

forecasting. During reconstruction, the ROMs operate on states represented within their learned reduced spaces, 

whereas in the prediction interval the TCN must extrapolate the temporal evolution of the reduced coefficients without 

access to the subsequent CFD states. Consequently, prediction uncertainty accumulates with increasing forecasting 

horizon. The magnitude of this increase is strongly dependent on both the selected ROM and the hemodynamic 

variable, demonstrating that accurate spatial compression does not necessarily guarantee equally accurate long-

horizon temporal prediction. 

For PCA–TCN, relatively low reconstruction errors are observed for pressure and OSI before the prediction 

boundary, while WSS remains more difficult to reconstruct because of its greater spatial complexity and sensitivity to 

local near-wall gradients. Once forecasting begins, the errors increase progressively for all three variables. In 

particular, OSI and WSS exhibit pronounced growth toward the end of the prediction interval, whereas pressure shows 

a lower absolute error but also displays a clear increasing trend. Comparison of the original and coiled configurations 

indicates that the coiled case generally follows the same temporal evolution but with somewhat lower errors over 

substantial portions of the prediction interval. This behavior is consistent with the flow-field observations in Fig. 6: 
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a) 

 

b) 

 

c) 

 
Fig. 8. Reconstruction errors of the a) POD, b) PCA, and  c)Autoencoder reduced-order models for the principal hemodynamic 

quantities over the cardiac cycle in the original and coiled patient-specific aneurysm configurations. Ten reduced dimensions are 

retained for each ROM according to the dimensionality analysis presented in Fig. 7. 
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the porous coil region suppresses energetic intra-aneurysmal circulation and produces a more organized flow 

environment, which can reduce the temporal complexity that must be represented by the PCA coefficients and 

subsequently extrapolated by the TCN. 

The POD–TCN model also exhibits a distinct difference between the reconstruction and forecasting intervals. 

Errors decrease substantially throughout the reconstruction region as the dominant modal structures represent the 

evolving CFD solution, but increase after the TCN begins forecasting the modal coefficients. WSS presents the largest 

prediction errors, followed by OSI, whereas pressure generally remains less sensitive. The strong fluctuations 

observed during portions of the reconstructed interval reflect the sensitivity of the instantaneous error to different 

phases of the cardiac cycle. Nevertheless, the similarity between the temporal trends of the original and coiled cases 

suggests that the POD basis preserves the principal dynamics of both configurations. The coiled case again tends to 

exhibit lower errors than the untreated configuration in several regions, which can be associated with the attenuation 

of complex recirculation and high-gradient structures following treatment. 

The Autoencoder–TCN framework demonstrates a different error distribution because the CFD fields are 

represented on a nonlinear latent manifold rather than through a linear modal projection. Reconstruction errors 

generally decrease considerably as normalized time advances, particularly for OSI and pressure, indicating that the 

nonlinear encoder–decoder can compactly represent the dominant structures of the training data. However, a 

substantial increase occurs at the beginning of the prediction interval, followed by progressive error growth for several 

quantities as the forecasting horizon increases. WSS again represents one of the most demanding quantities because 

localized shear structures are highly sensitive to errors in the predicted latent state. The comparison also shows 

differences between the original and coiled configurations, indicating that modification of the underlying flow 

topology affects not only spatial reconstruction but also the temporal evolution learned within the latent space. 

Taken together, Fig. 9 demonstrates that pressure is generally easier to reconstruct and temporally forecast than the 

wall-derived quantities, whereas WSS and OSI impose a more demanding test on the ROM–TCN frameworks because 

of their localized and strongly time-dependent characteristics. More importantly, the comparison highlights two 

distinct sources of surrogate-model error: the error introduced when the CFD field is compressed and reconstructed 

by the ROM and the additional error generated when the TCN forecasts the reduced coordinates beyond the training 

interval. The progressive error growth within the prediction region therefore indicates that long-horizon temporal 

extrapolation is the principal challenge, even when the reduced representation itself provides satisfactory 

reconstruction. The differences between the original and coiled cases further demonstrate that treatment-induced 

changes in flow complexity directly influence surrogate-model performance. These findings support evaluating POD, 

PCA, and Autoencoder not solely according to their dimensional compression capability, but according to the 

combined accuracy of compression, physical-field reconstruction, and temporal forecasting when selecting an 

efficient ROM for patient-specific aneurysm hemodynamics. 

Based on the prediction-error trends in Fig. 9, PCA–TCN shows the strongest overall predictive performance for 

the present dataset, particularly when the stability of the prediction error across OSI, pressure, and WSS is considered 

together. PCA provides a compact linear representation in which the dominant variance of the hemodynamic fields is 

concentrated into a small number of temporally coherent coefficients, making their evolution comparatively easier for 

the TCN to learn and extrapolate. POD–TCN also captures the dominant flow structures effectively, but its prediction 

errors exhibit stronger temporal fluctuations, particularly for the wall-related quantities. The Autoencoder–TCN 

benefits from nonlinear spatial compression and achieves effective reconstruction, yet its prediction errors increase 

substantially during the forecasting interval, especially for WSS, suggesting that the nonlinear latent variables are 

more difficult for the TCN to extrapolate over a long prediction horizon. Therefore, for the investigated patient-

specific aneurysm and the adopted training–prediction configuration, PCA–TCN provides the most stable balance 

between dimensionality reduction and temporal forecasting, while the results also demonstrate that good 

reconstruction accuracy alone does not necessarily translate into superior prediction performance. 

At the peak-systolic phase, the PCA–TCN framework demonstrates good capability in reproducing the spatial 

distribution of AWSS for both the original and coiled aneurysm configurations (Fig. 10). For the original aneurysm, 

the predicted field successfully preserves the major heterogeneous AWSS structures observed in the reconstructed 

result, including the elevated shear region concentrated near the aneurysm neck and the lower-to-moderate AWSS 

zones distributed over the sac surface. The prediction also reproduces the characteristic spatial gradients and localized 

contour structures across the aneurysm, although some differences in the extent and intensity of individual high- and 

low-AWSS regions remain. Following coiling, the AWSS distribution becomes considerably more uniform and 

generally weaker over the aneurysm sac, consistent with the attenuation of intra-sac flow and inflow momentum by 

the porous coil region. The PCA–TCN prediction closely reproduces this smoother post-coiling pattern, including the 

low-AWSS region over most of the sac and the relatively higher values concentrated near the neck. Overall, the close 
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qualitative agreement between reconstructed and predicted fields indicates that PCA–TCN captures not only the 

magnitude range but, more importantly, the treatment-induced redistribution of AWSS at peak systole, with the less 

spatially complex coiled field appearing particularly well represented by the predictive model. 

 

a) 

 

b) 

 

c) 

 
Fig. 9. Reconstruction and prediction errors of the PCA–TCN, POD–TCN, and Autoencoder–TCN frameworks for OSI, pressure, 

and WSS over the normalized cardiac cycle for the original and coiled patient-specific ICA aneurysm.  
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Fig. 10. Comparison of reconstructed and PCA–TCN-predicted average wall shear stress (AWSS) distributions at peak systole for 

the patient-specific ICA aneurysm with and without endovascular coiling 

 

Figure 11 compares the OSI reconstruction and PCA–TCN prediction for the original and coiled aneurysm 

configurations. For the original aneurysm, the reconstructed field exhibits pronounced spatial heterogeneity, with 

relatively high OSI concentrated along the lateral sac surface and near the neck, indicating regions exposed to stronger 

temporal oscillation of wall shear stress. The PCA–TCN prediction successfully reproduces the principal locations 

and overall spatial organization of these elevated-OSI regions, although some differences in their local extent and 

intensity are visible. Endovascular coiling substantially modifies the OSI distribution, with the reconstructed coiled 

case showing generally lower OSI over most of the sac and elevated values restricted mainly to localized regions near 

the neck and lower sac surface. The PCA–TCN prediction captures this overall post-coiling pattern and the dominant 

low-OSI area, while slightly expanding or intensifying some localized elevated-OSI regions. Thus, despite local 

discrepancies, the close qualitative correspondence between reconstruction and prediction demonstrates that PCA–

TCN preserves the major spatial characteristics of OSI and distinguishes the substantially different oscillatory shear 

environments of the original and coiled aneurysms. 

At the peak-systolic phase, Fig. 12 demonstrates that the PCA–TCN framework effectively predicts the principal 

spatial characteristics of the total-pressure field in both the original and coiled aneurysm configurations. In the original 

aneurysm, the reconstructed pressure field exhibits a relatively smooth distribution over the sac, with a localized 

higher-pressure region associated with the impingement of the incoming flow and gradual pressure variation toward 

the peripheral sac regions. The PCA–TCN prediction successfully reproduces the location and overall morphology of 

this dominant pressure structure, although some differences are visible in the size and intensity of individual contour 

regions. Following endovascular coiling, the pressure field is markedly redistributed because the porous coil region. 
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Fig. 11. Comparison of reconstructed and PCA–TCN-predicted oscillatory shear index (OSI) distributions for the original and 

endovascularly coiled patient-specific ICA aneurysm 

 

increases resistance to intra-aneurysmal flow and attenuates momentum penetration into the sac. Despite this 

treatment-induced change, the predicted coiled field retains the major pressure-gradient direction and identifies the 

principal elevated-pressure region observed in the reconstruction. Compared with WSS and OSI, pressure displays a 

smoother spatial distribution, which is consistent with its lower-dimensional behavior and makes its dominant 

structures more readily represented by PCA and forecast by the TCN. Overall, the qualitative agreement between 

reconstruction and prediction indicates that PCA–TCN successfully captures the principal peak-systolic pressure 

patterns in both untreated and coiled configurations, while the remaining local contour differences reflect the 

accumulated uncertainty associated with temporal forecasting. 

 

5. Conclusion 

This study developed and compared three hybrid reduced-order modeling frameworks—POD–TCN, PCA–TCN, 

and Autoencoder–TCN—for efficient reconstruction and temporal prediction of patient-specific cerebral aneurysm 

hemodynamics before and after endovascular coiling. Transient CFD simulations of an ICA saccular aneurysm were 

performed under pulsatile conditions, while the coiled sac was represented using an equivalent porous-medium model. 

The analysis focused on clinically and biomechanically relevant hemodynamic quantities, including wall shear stress 

(WSS/AWSS), oscillatory shear index (OSI), and pressure. The principal conclusions are summarized as follows: 

• Endovascular coiling substantially altered the intra-aneurysmal flow structure. The porous coil 

region suppressed penetration of the high-momentum inflow into the sac, reduced energetic 

recirculation, and produced a more quiescent flow environment, particularly toward the aneurysm 

dome. These flow modifications resulted in clear redistribution of the wall-based hemodynamic 

quantities compared with the untreated aneurysm. 

• The dimensionality analysis demonstrated that the high-dimensional CFD fields could be 

represented using a relatively small reduced space. POD and PCA rapidly concentrated the dominant 

information into the first few modes/components, particularly for pressure and OSI, whereas AWSS 
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required a larger reduced representation because of its stronger spatial heterogeneity and sensitivity 

to near-wall flow structures. The Autoencoder also provided effective nonlinear compression, 

although the required latent-space dimension depended on the complexity of the target variable. 

 

• A common reduced dimension of 10 was sufficient to retain approximately 99% of the dominant 

information for the investigated fields and provided a consistent basis for comparing the three ROM 

approaches. The differences between the original and coiled cases further demonstrated that 

treatment-induced modification of the flow topology changes the dimensional complexity of the 

hemodynamic fields. 

• All three ROMs provided effective reconstruction of the principal CFD structures, although 

reconstruction accuracy varied according to the hemodynamic variable. Pressure was generally 

easier to represent because of its comparatively smooth spatial distribution, whereas WSS/AWSS 

and OSI were more demanding because of their localized gradients and sensitivity to complex near-

wall flow behavior. 

• Coupling the reduced representations with TCN enabled prediction beyond the 

reconstruction/training interval. Prediction errors increased with forecasting horizon for all three 

approaches, demonstrating that temporal extrapolation represents a more demanding task than 

spatial reconstruction. The results also show that a ROM with good reconstruction capability does 

not necessarily provide the most predictable latent dynamics. 

• Among the investigated frameworks, PCA–TCN exhibited the most stable predictive behavior for 

the present dataset, providing a favorable balance between compact spatial representation and 

temporal predictability of the reduced coefficients. The peak-systolic contour comparisons further 

showed that PCA–TCN reproduced the principal spatial distributions of AWSS, OSI, and pressure 

and captured the major differences between the original and coiled aneurysm states. 

Overall, the results demonstrate the potential of combining dimensionality reduction with temporal deep learning 

to construct computationally efficient surrogate models of patient-specific aneurysm hemodynamics. In particular, the 

comparison highlights that the choice of ROM should consider not only compression and reconstruction accuracy but 

also the temporal predictability of the resulting reduced coordinates. The PCA–TCN framework provides a promising 

approach for rapidly estimating transient hemodynamic fields in both untreated and treated aneurysms after training 

on high-fidelity CFD data. Nevertheless, the present conclusions are based on a single patient-specific geometry and 

a porous-medium representation of coiling. Future studies should therefore include larger patient cohorts, different 

aneurysm locations and morphologies, variable coil-packing conditions, patient-specific boundary conditions, and 

deformable vessel walls, together with external validation, to determine the generalizability of the proposed 

framework for broader cerebrovascular applications. 
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  r


    𝐱 ˆ ( 𝒕 ) =   𝐱 ¯ +   𝐖  𝒓     𝐳 ˆ  𝑷 𝑪 𝑨 ( 𝒕 ) .


  𝐳 ( 𝒕 ) =   𝒇  𝐞 𝐧 𝐜  [ 𝐱 ( 𝒕 ) ;   𝜽  𝒆 ] ,


    f  enc 


    𝜽  e


  𝐳 ∈


   ℝ  r


    𝐱 ˜ ( 𝒕 ) =   𝒇  𝐝 𝐞 𝐜  [ 𝐳 ( 𝒕 ) ;   𝜽  𝒅 ] .


   ℒ  A E =  1  T   ∑  t = 1  T   ‖ 𝐱 ( t ) −   𝐱 ˜ ( t )  ‖ 2 2 .


    𝐳 ˆ ( t + Δ t ) ,


    𝐱 ˆ ( 𝒕 + 𝚫 𝒕 ) =   𝒇  𝐝 𝐞 𝐜 [   𝐳 ˆ ( 𝒕 + 𝚫 𝒕 ) ] .


    𝐗 ′ = 𝐔 𝚺   𝐕  T ,


  𝚺


  𝐕


  r


  𝐱 ( t ) ≈   𝐱 ¯ +   ∑  i = 1  r     a  i ( t )   𝝓  i ,


    𝝓  i


  i


    a  i ( t )


    E  r =     ∑  i = 1  r       𝜎  i 2    ∑  i = 1  N       𝜎  i 2 ,


    𝜎  i


  i


    𝐱 ˆ ( t ) =   𝐱 ¯ +   ∑  i = 1  r       a ˆ  i ( t )   𝝓  i .


  L


    𝐙  t − L + 1 : t =  {   𝐳  t − L + 1 , … ,   𝐳  t } ,


      𝐳 ˆ  t + 1 : t + H =   F TCN  (   𝐙  t − L + 1 : t ) ,


  L


  H


  z


  F ( t ) =   ∑  k = 0  K − 1   f ( k ) z ( t − d k ) ,


  K


  d


  d = 1 , 2 , 4 , …

