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Abstract

Mitral valve orifice area is a key functional metric that depends on complex geometric
features, motivating a systematic assessment of the relative influence of these parameters.
In this study, the mitral valve geometry is parameterized using twelve geometric variables,
and a global sensitivity analysis based on Sobol indices is performed to quantify their rela-
tive importance. Because global sensitivity analysis requires many simulations, a Gaussian
Process regressor is developed to efficiently predict the orifice area from the geometric
inputs. Structural simulations of the mitral valve are carried out in Abaqus, focusing exclu-
sively on the valve mechanics. The predicted distribution of orifice areas obtained from the
Gaussian Process shows strong agreement with the ground-truth simulation results, and
similar agreement is observed when only the most influential geometric parameters are
varied. The analysis identifies a subset of geometric parameters that dominantly govern
the mitral valve orifice area and can be reliably extracted from medical imaging modalities
such as echocardiography. These findings establish a direct link between echocardiographic
measurements and physics-based simulations and provide a framework for patient-specific
assessment of mitral valve mechanics, with potential applications in guiding interventional
strategies such as MitraClip placement.

Keywords: mitral valve; geometric parameters; gaussian process; global sensitivity analysis

1. Introduction
Severe mitral regurgitation (MR) initially increases left atrial volume and pressure,

and over time imposes a chronic volume load on the left ventricle due to regurgitant
flow returning during diastole, leading to progressive ventricular dilation and eventual
heart failure (HF). Patients with severe MR are not always suitable candidates for surgical
repair or replacement. Advanced age, frailty, reduced left ventricular function, significant
comorbidities such as chronic kidney disease or pulmonary hypertension, and prior cardiac
surgery may substantially increase operative risk. In addition, patients with functional
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MR secondary to left ventricular remodeling often derive limited benefit from surgical
intervention alone. These factors have motivated the development and adoption of tran-
scatheter edge-to-edge repair techniques as less invasive alternatives for selected high-risk
patient populations.

According to current clinical guidelines, severe mitral regurgitation is defined using
an integrated echocardiographic assessment, with a key quantitative criterion being an
increased effective regurgitant orifice area, typically ≥ 0.4 cm2 for primary MR, along with
supporting measures such as regurgitant volume, vena contracta width, and associated
chamber remodeling [1]. For patients with severe MR who are poor candidates for surgical
repair, the MitraClip (MC; Abbott Vascular, Santa Clara, CA, USA) offers a minimally
invasive alternative that restores leaflet coaptation and reduces regurgitant flow. Clinical
trials such as EVEREST and COAPT have demonstrated that MC therapy can improve
symptoms, enhance functional capacity, and reduce HF hospitalizations in appropriately
selected patients [2–4].

Despite these successes, outcomes after MC implantation remain variable, with some
patients exhibiting incomplete MR reduction or recurrent regurgitation. This variabil-
ity reflects the multifactorial nature of procedural success and underscores the need for
improved patient selection and procedural planning strategies [5].

A major contributor to this variability is the heterogeneity in mitral valve (MV)
anatomy across patients [6]. Variations in annular dimensions [7], leaflet morphology [8],
and overall valve geometry [9] can significantly influence clip placement, leaflet grasp-
ing, and the resulting post-clip orifice area [10,11]. In patients with advanced MR, these
geometric features are often more distorted, further complicating procedural decisions.
Additionally, identifying the dominant MR jet (crucial for effective MC placement) can
be challenging in certain cases, further increasing the difficulty of achieving optimal out-
comes [12,13].

Computational modeling has emerged as a powerful approach for investigating mitral
valve biomechanics and guiding transcatheter interventions. Finite element (FE) analysis
enables simulation of leaflet mechanics, annular motion, and device–tissue interaction
under physiological conditions, providing insights that are difficult to obtain experimentally
or clinically. Earlier studies demonstrated how modeling the nonlinear tissue behavior
and annular dynamics can reproduce realistic valve function and identify key mechanical
contributors to repair performance [14,15]. These advances established the foundation for
translating FE analysis into a clinically relevant tool for evaluating procedural outcomes.

Building on this progress, computational modeling now provides an opportunity to
systematically examine how individual geometric factors influence MC performance under
controlled, patient-specific conditions. Recent studies have expanded FE modeling toward
comprehensive, patient-derived frameworks that assess post-intervention hemodynamics
and valve function [16–18].

While these advances in modeling have enabled detailed investigation of how mitral
valve anatomy influences output metrics, the high-fidelity physics-based simulations
remain computationally expensive, limiting their utility for large-scale exploration of
geometric variability. In this work, we focus on quantifying how key anatomical parameters
impact the orifice area (OA), an important determinant of mitral valve function. Because
evaluating thousands of physics-based simulations is impractical, we construct a surrogate
model that efficiently maps a 12-dimensional geometric parameterization of the leaflets and
annulus to the resulting OA. Gaussian Process regression is particularly suitable for this task
because unlike many machine learning approaches, its performance is less sensitive to the
number of dimensions, making it well suited to our parameter space. Once trained, the GP
surrogate enables rapid generation of a large synthetic dataset spanning the full physiologic
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range of geometries. This dataset forms the basis for a global sensitivity analysis using
Sobol indices, allowing us to numerically estimate the relative influence of each geometric
feature and identify the parameters that most strongly govern OA.

Prior studies have applied similar simulation, surrogate, and sensitivity pipelines. For
example, work on left ventricular passive mechanics using GP models and Sobol analy-
sis [19] or recent studies that relate mitral valve anatomy to clinical markers via surrogate
modeling [20], but these efforts typically rely on fixed or simplified valve geometries and do
not include an in-depth representation of leaflet and annular shape. In contrast, our frame-
work integrates a detailed geometric parameterization with a data-efficient surrogate model
and a rigorous global sensitivity analysis, providing a comprehensive characterization of
how anatomical variability drives changes in OA. Importantly, the parameters identified
as most influential in our study correspond directly to quantities measurable on standard
echocardiography. Prior work has highlighted the importance of patient-specific modeling
for improving device guidance and characterizing valve biomechanics [21,22]. Building
on this foundation, our framework provides a clear path toward clinical translation and is
well suited for patient-specific assessment and procedural planning.

This paper is organized as follows. Section 2 describes the simulation setup, the geo-
metric parameters, and the methodology for GP regression and Sobol sensitivity analysis.
Section 3 presents the results, including the performance of the GP regression model, its
comparison with linear regression, and the Sobol sensitivity analysis that identifies four
influential parameters. Section 4 provides concluding remarks, and Section 5 discusses the
limitations of this work and outlines potential future directions.

2. Materials and Methods
In this section, we describe the simulation setup for finding the orifice area associ-

ated with different geometric parameters as well as our description on Gaussian Process
regression and Sobol sensitivity analysis as utilized in this work.

2.1. Simulation Setup

To generate anatomically realistic MV models, we use the 3DEXPERIENCE Platform
(Dassault Systèmes) to construct the leaflet morphology and annular geometry, followed by
mesh generation. We then import the resulting 3D MV geometries into Abaqus for FE sim-
ulation of MV mechanics. These simulations were based on key geometrical measurements
of the MV and were used to compute the OA.

Our FE modeling workflow has been described in previous studies [23,24], and is
briefly summarized here. The model parameters used in the simulations are summarized
in Tables 1 and 2. Table 1 lists the geometric and boundary-condition parameters used to
construct the mitral valve models, while Table 2 summarizes the leaflet material param-
eters [25]. Although all parameters were required to construct a physiologically realistic
MV model, only 12 geometrical parameters were varied within the specified ranges shown
in Table 1, while the remaining parameters were kept constant across all simulations. The
twelve geometric parameters included in the model were defined to capture key aspects of
mitral valve size, leaflet proportion, and annular geometry.
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Table 1. Model parameters and their values with description.

Category Parameter Value Description

Leaflet

AP_D [24.1, 45.2] AP Diameter (mm)

IC_D_R [0.97, 1.29] Intercommissural Diameter Ratio (unitless)

AL_R [3.2, 7.2] Anterior Leaflet Length Ratio (unitless)

PL_R [0.16, 1] Posterior Leaflet Length Ratio (unitless)

CL_R [0.5, 0.75] Commissure Length Ratio (unitless)

Ant_Blunt [0.5, 2.05] Anterior Leaflet Bluntness (unitless)

AH [0.3, 0.7] Anterior Height (mm)

PH [1, 2] Posterior Height (mm)

D_Shape [0, 0.038] D_Shape (unitless)

SF_Shape_R [0.01, 0.019] Septal Flat Shape Ratio (unitless)

Com_Loc [0.26, 0.6] Commissure Location (unitless)

Com_Cur [0.2, 0.6] Commissure Curvature (unitless)

Papillary Muscles
and Annulus BC

ALPM_dist 18.06

The relative location of papillary muscles
was defined by 6 parameters (2 horizontal
distance, 2 vertical distance, and 2
circumferential angles). (Units mm and deg)

PMPM_dist 16.27

H_ALPM 24.975

H_PMPM 25.135

ALPM_Phi 118

PMPM_Phi 108

max_ant_length 0

Papillary muscle dynamics were defined
by 3 parameters (vertical displacement of
PMs and inter-PM displacement).

max_pst_length 0

inter_PAP_du 5

PMPM_dz 3.5

ALPM_dz 3.5

Annulus_dh 1 Annulus motion during the cardiac cycle was defined by
2 parameters (change in saddle shape and radial expansion)Annulus_dr 2

Table 2. Holzapfel–Ogden material parameters for anterior and posterior mitral valve leaflets.
Parameters a, af, as, afs are expressed in MPa and b, bf, bs, bfs are unitless.

a b af bf as bs afs bfs

Anterior 7.5 × 10−5 14.447 0.092915 273.80 0.02239 75.32 0.0 1.0

Posterior 7.5 × 10−5 14.447 0.027282 130.48 0.00300 25.16 0.0 1.0

The anteroposterior diameter (AP_D) represented the annular diameter measured
between the A2 and P2 scallops. In the standard anatomical classification of the mitral valve,
the anterior leaflet is divided into three scallops. A1 (lateral), A2 (central), and A3 (medial)
and the posterior leaflet is divided into P1 (lateral), P2 (central), and P3 (medial). The
A2–P2 region corresponds to the central functional zone of leaflet coaptation; therefore, the
AP_D measurement reflects the most biomechanically relevant anteroposterior dimension
of the annulus.

The intercommissural diameter ratio (IC_D_R) quantified the transverse width of the
annulus by normalizing the intercommissural diameter to the AP_D. Leaflet proportions
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were described by the anterior leaflet length ratio (AL_R), defined as anterior leaflet length
divided by AP_D, and the posterior leaflet length ratio (PL_R), defined as posterior leaflet
length divided by the remaining AP dimension after subtracting the anterior leaflet length
(PL_R = PL/[AP_D − AL]). The commissure length ratio (CL_R) captured commissural
geometry as the ratio of commissure length to the posterior leaflet length minus the
posterior annular height (CL_R = CL/[PL − PH]). The anterior leaflet bluntness (Ant Blunt)
quantified how rounded or flat the anterior leaflet free edge was.

Anterior height (AH) and posterior height (PH) measured the vertical height of the
anterior and posterior annulus relative to the annular plane. The D shape parameter (D
Shape) described the curvature of the anterior annulus, and the septal flatness ratio (SF
Shape Ratio) quantified the flatness of the septal annulus normalized to the intercommis-
sural diameter. Finally, commissure location (Com_Loc) captured the top-down position of
the commissures, and commissure curvature (Com_Cur) described the curvature of the
commissural free edges. A visual representation of the geometrical definition of each leaflet
parameter is provided in Figure 1.

   

   

   

Figure 1. MV leaflet geometry and the 12 key characteristic parameters.
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To demonstrate the correspondence between influential geometric parameters with
dimensions that could be extracted from echo images, we show a segmented mitral valve
at the mid-systole where a number of landmark points are specified cf. Figure 2. In this
paper, we show that intercommissural diameter, posterior and anterior lengths as well
as commissural length are the most influential parameters that represent variability in
orifice area. In Figure 2, ALC-PMC quantifies intercommissural diameter and distances
AX and PX approximately quantify anterior leaflet length and posterior leaflet length. The
commissure length is not visible in this figure; however, we could extract that quantity
from segmentation at end-diastole directly. We do not show that quantity in this paper as
segmentation at end-diastole requires more careful attempt (as the visibility on the echo is
generally lower) and we establish the connection between CL in our computational mesh
and CL in echo image in our future work.

 

Figure 2. Manual segmentation of mitral valve and identifying landmark points which quantify
influential geometric parameters. ALC-PMC quantifies intercommissural diameter and distances AX
and PX approximately quantify anterior leaflet length and posterior leaflet length.

Boundary conditions simulated the dynamic motion of the MV annulus during interac-
tion with the left ventricle. Annular motion is prescribed using two kinematic parameters,
Annulus_dh and Annulus_dr, which represent the time-varying apico-basal displacement
and radial expansion or contraction of the annulus, respectively. In the finite element
model, annular nodes are assigned time-dependent displacement boundary conditions
synchronized with the cardiac cycle. Specifically, Annulus_dh prescribes displacement
of the annulus along the left ventricular long axis to capture systolic annular descent
toward the ventricle, while Annulus_dr prescribes in-plane radial deformation to repre-
sent annular contraction during systole and expansion during diastole. These boundary
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conditions are applied uniformly to the annular node set and are independent of leaflet
geometry variations.

Leaflet tissue material behavior was modeled using the Holzapfel–Ogden hyperelastic
constitutive model [26,27], with material parameters summarized in Table 2. Chordae were
modeled using truss elements and Ogden constitutive model. The physiological transmural
pressure profile applied to the MV leaflets throughout one cardiac cycle is illustrated in
Figure 3, along with the corresponding valve configurations at two time points of peak
systole and diastole. As shown, a small residual orifice gap remains open during closure,
consistent with clinically observed physiological regurgitation.

 
  

(a) Mitral valve transmural pressure profile (b) Peak Systole (c) Diastole 

Figure 3. Applied pressure profile throughout the time and corresponding leaflet geometry for systole
and diastole phase.

For the sake of studying the effect of geometric parameters on orifice area, simulations
were performed under pre-clip conditions (i.e., we do not perform simulations where
effect of clip is considered). We mainly focus on the pre-clip condition in this paper as we
believe the effect of geometric parameters on orifice area remain consistent across different
conditions, i.e., pre-clip and post-clip analysis. Figure 4 shows the computational mesh of
MV associated with the pre-clip condition in different views. It should be noted that we
consider orifice area during valve closure in middle of systole.

Figure 4. MV at mid-systole from top-view (left) and mid-cross section of the anterior and posterior
leaflets (right).

OA was quantified using the gap-length method, in which the valve was segmented
into 40 equally spaced cross-sectional planes spanning the commissure-to-commissure
direction. Each plane was oriented perpendicular to the local coaptation line and intersected

https://doi.org/10.3390/bioengineering13010097

https://doi.org/10.3390/bioengineering13010097


Bioengineering 2026, 13, 97 8 of 15

with the anterior and posterior leaflet surfaces to extract the corresponding leaflet free-edge
geometry at that location. For each cross-section, the intersection points were separated into
two boundary curves representing the opposing anterior and posterior leaflet edges. The
local gap length was defined as the minimum distance between these two curves within the
plane, corresponding to the local leaflet separation. If the two curves overlapped or came
into contact, the gap length was set to zero to avoid non-physical negative values. The total
orifice area was then computed by discrete integration across the valve span, calculated as
the sum of the local gap lengths over all cross-sections. This procedure yields a spatially
resolved estimate of the orifice area that accounts for non-uniform leaflet separation along
the coaptation line.

2.2. Gaussian Process Regression

A Gaussian Process is a random process in which the function values at any finite
set of inputs are jointly Gaussian. A main component of Gaussian Processes is the kernel
matrix, which encodes the relationships between samples [27]. The optimizable kernel
parameter, typically a kernel length scale, is chosen to maximize the log marginal likelihood.
For GP regression, we consider a vector of length scales within an Automatic Relevance
Determination (ARD) kernel of the following form:

k
(
xi, xj

)
= exp

(
−1

2

D

∑
d=1

(x{i,d} − x{j,d})
2

ld
2

)

where D is the number of variables and ld is the length scale associated with dimension d. It
is noted that the number of optimizable parameters is the same as the number of dimensions;
therefore, in terms of optimization scale and training simplicity, this approach is comparable
to linear regression, which also has a number of unknowns equal to the number of variables.
However, GP can effectively describe nonlinear relationships between inputs and outputs,
whereas linear regression ceases to be adequate. We provide a comparison in our numerical
results to demonstrate the performance of the two approaches.

Once the optimal hyperparameters are obtained, the GP mean prediction is computed
as follows:

y∗ = k(x∗, X)(K + σ2 I)
−1

y

where y is the vector of ground-truth data, k(x∗, X) is the kernel vector evaluated between
the unseen input sample and the training samples, and K is the kernel matrix evaluated
using the training samples. A small, fixed σ2 is added to the kernel matrix for numerical
stability, which also helps prevent overfitting during GP training.

To build a GP regressor on geometric parameters, we specifically work with unnor-
malized geometric parameters where we consider AP = AP_D, IC = IC_D_R × AP, AL =
AL_R × AP, SF_shape = SF_shape_R × IC, PL = PL_R × (AP − AL), CL = CL_R × (PL −
PH) and the rest of parameters {AH, PH, D_shape, Ant_blunt, Com_loc, Com_Cur} are
already in their plain form. To study the prediction performance, we mainly consider two
numerical measures, coefficient of determination which reads

R2 = 1 − ∑ (y − ŷ)2

∑ (y − y)2

and mean absolute percentage error (MAPE) expressed as

MAPE =
1
N ∑

∣∣∣∣(y − ŷ
y

)∣∣∣∣
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2.3. Sobol Sensitivity Index

To evaluate the importance of each geometric parameter, we use the Sobol sensitiv-
ity index [28]. The Sobol index quantifies how much variability in each input variable
contributes to the variance of the output, in this case, the orifice area. It measures the
proportion of output variance explained by each input variable and provides a global
assessment of variable importance. By identifying the most influential parameters, one can
achieve accurate predictions using only those key inputs.

The first order Sobol index for input variable Xi is defined as Si = Vi/Var(y) where Vi

is given by
Vi = VarXi

(
EX∼i [Y|Xi]

)
To compute Vi in 12 dimensions for each variable we need to consider number of

points where at that particular dimension, that number is fixed (assume, for example,
X1 = 1.85) and the rest of dimensions are varying. We obtain the output at those samples,
compute the mean of outputs and then repeat this process for different fixed numbers at
the particular dimension (for example, X1 = 2.21, X1 = 4.25, . . .). We finally compute the
variance of resulting outputs and that gives Vi which then is used to compute Sobol index.

3. Results
We first present results demonstrating the performance of our GP model and compare

it with linear regression. Once the model is established, we use all samples to build the
surrogate and perform the sensitivity analysis.

3.1. Demonstration of GP Predictive Performance—Comparison with Linear Regression

In this section, we analyze 440 samples obtained from simulations performed in
Abaqus. Geometry creation for each sample takes approximately 30 min, and running
the simulation requires another 30 min. The samples are initially generated as uniformly
distributed within the ranges specified in Table 1, after which we unnormalize the geometric
parameters as described in Section 2.2. We use 350 samples for training and 90 for testing.
As explained in Section 2.2, the GP is optimized with respect to a length-scale parameter.
The initial guess for this parameter is treated as a hyperparameter, and its optimal value
is obtained through 5-fold cross-validation. To reduce clutter, we do not show the cross-
validation results. Instead, we report the R2 and MAPE values on the test set. To obtain a
more stable estimate of test error, we repeat the training–testing process over five random
350-90 splits of the 440 data points.

We treat the linear regression model as similarly as possible to the GP to ensure a
fair comparison. That is, we also consider five random 350-90 splits for training and
testing. It should be noted that linear regression has no hyperparameters; therefore, no
cross-validation is required for that case.

Figure 5 shows the results from one of the five random splits. The mean R2 and MAPE
values for the GP and linear regression models are reported as (0.920, 0.156), (0.636, 0.377).
From these results, as well as the visual comparison from one representative experiment,
it is evident that the GP provides more accurate predictions in this 12-dimensional space.
This is expected, as the relationships between geometric parameters and orifice area are
inherently nonlinear.
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Figure 5. R2 and MAPE results on GP regression (left) and linear regression (right) associated with
one experiment of 5 random splits of train and test samples.

3.2. Sobol Index Results

Once we confirm the suitability of the surrogate model using the optimal hyperpa-
rameter identified in the previous section, we rebuild the surrogate using all 440 samples
with the same optimal hyperparameter. This full surrogate is then used to generate Monte
Carlo samples for computing the Sobol indices. To this end, we generate 1000 uniform
samples of the geometric parameters (first in normalized form, then unnormalized). For
each dimension, we repeat the value of that dimension 1000 times while allowing the
remaining 11 parameters to vary. This procedure results in a total of 1 million samples,
which are used to compute the Sobol sensitivity indices.

Figure 6 shows the Sobol indices for the one-dimensional variables. As seen, InterCom-
missural diameter (IC), Posterior length (PL), Anterior length (AL), and Commissure length
(CL) have the largest contributions to the variation in orifice area. The first parameter, IC,
forms the base for the orifice area, so it is expected that it has the highest influence.

 
Figure 6. Result of Sobol sensitivity analysis on effect of geometric parameters on orifice area.
InterCommissural diameter, Posterior length, Anterior length, and Commissure length are identified
as the most important descriptors of mitral valve geometry.

Once we identify the most influential parameters, which in our analysis are IC, AL,
PL, and CL, we construct the probability density function (PDF) of the orifice area in three
cases: (1) Simulation results, (2) GP with all parameters varying, and (3) GP with only the
four influential parameters varying while the remaining eight parameters are fixed at their
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mean values. We compute the total variation to estimate the differences between Sim-GP12,
Sim-GP4, and GP4-GP12. The total variation measure defined as

TV(p, q) =
1
2

∫
|p(x)− q(x)|dx

between two pdfs (p,q) provides a normalized estimate that can be more easily interpreted
as a measure of error or distance.

Figure 7 shows the three distributions, and the numerical values of total variation
are 0.083, 0.137, 0.073 for Sim-GP12, Sim-GP4, and GP4-GP12. Based on these results, the
differences between the predictions from the GP using only the four influential parameters
and both the ground truth and the GP with all parameters varying are relatively small.
Therefore, describing the mitral valve geometry using these four influential parameters is
sufficiently accurate.

Figure 7. Probability density function for (1) ground truth orifice are (2) orifice area from GP
regressor with all 12 parameters varying and (3) orifice area from GP regressor with only 4 influential
parameters varying. The total variation distance between these distributions is deemed to be small
which indicates that using only 4 influential parameters would be sufficient to describe geometry of
mitral valve for predicting the orifice area.

4. Discussion
In this study, we identified four influential geometric descriptors of the mitral valve,

intercommissural diameter (IC), posterior leaflet length (PL), anterior leaflet length (AL),
and commissural length (CL) that have the greatest impact on the variability in orifice
area. For this study, we developed a GP surrogate model to characterize the mitral valve
orifice area based on anatomical parameters. The GP model showed strong agreement
with physics-based simulation results and outperformed a linear regression baseline. We
performed Sobol sensitivity analysis to identify influential parameters that dominate the
variability in orifice area. Notably, all four influential parameters can be extracted from
echocardiographic imaging.

Because performing a robust sensitivity analysis requires a large number of samples,
we leveraged the GP surrogate to efficiently generate Monte Carlo samples, enabling accu-
rate computation of Sobol indices. Using these influential parameters, we constructed prob-
ability distributions of orifice area under three conditions: Simulation results, GP with all
12 parameters varying, and GP with only the four influential parameters varying. The total
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variation distances among these distributions were small, indicating that the four-parameter
GP surrogate captures the essential geometric variability with sufficient accuracy.

We note that the Sobol sensitivity analysis in this study focuses on first-order indices,
which quantify the contribution of each individual geometric parameter to the variance
of the mitral valve orifice area. While established sampling approaches exist to ensure
numerical stability and computational efficiency, and interaction effects can be estimated
directly or via total-order indices, our approach follows a standard procedure for generating
a large number of Monte Carlo samples, focusing solely on first-order indices for univariate
parameters. By leveraging a Gaussian Process surrogate, we can efficiently generate these
samples, mitigating the need for more complex sampling schemes. We also note that the
joint effects are generally small in global sensitivity analysis. Our primary goal is to identify
the most influential univariate parameters, as these directly guide which geometric features
should be prioritized for extraction from echocardiographic images. We emphasize that
first-order indices provide clear guidance on parameter importance and are sufficient for
the practical, image-based focus of this work.

Overall, these results suggest that mitral valve geometry can be represented efficiently
using a reduced set of parameters without significant loss of accuracy, supporting the use
of compact geometric descriptors in downstream biomechanical modeling.

Limitations of Study and Future Directions

While this study provides a structured framework for characterizing mitral valve
orifice area using a reduced set of geometric parameters, some limitations remain. First,
it should be noted that this study is limited to the pre-clip condition, and the sensitivity
rankings presented pertain to this baseline state. While post-clip mechanics may change
due to device–tissue interaction, the orifice area as a statistical measure is expected to
maintain a similar dependence on the twelve geometric parameters. Given the orifice
area as a response surface function of the twelve geometric parameters, the overall form
of its statistical dependence on the input parameters is expected to remain unchanged
between pre-clip and post-clip conditions, since in both cases we analyze the influence of
the same twelve parameters on orifice area. If we considered different output measures,
such as mean von Mises stress, we would expect the ranking of influential parameters to
differ from those observed for orifice area. Even in that case, however, we do not believe
this would change the major conclusions of the study. Second, we focus on twelve key
geometric parameters of the mitral valve, while other simulation parameters, including
material properties and papillary muscle positions, were held constant. We note that
variations in chordae length, as well as papillary muscle displacement, can interact with
these anatomical parameters and potentially influence the orifice area and the ranking
of influential variables. A systematic exploration of all such interactions would require
an expanded simulation framework beyond the scope of the present work. We have
therefore limited our analysis to the twelve parameters that can be most reliably and
practically obtained from echocardiographic images. Third, the computation of orifice
area remains an evolving topic. In this work, we relied on an in-house algorithm that
was previously available to us. Future efforts will revisit the orifice area computation and
explore new methods for estimating orifice area directly from medical images. Fourth,
several biomechanical extensions to the finite element formulation remain promising. A
coupled left ventricle–mitral valve (LV–MV) model would enable simultaneous simulation
of ventricular contraction, annular deformation, and leaflet coaptation, providing a more
complete picture of valve mechanics. Incorporating fluid–structure interaction would
further allow joint modeling of leaflet motion and intracardiac flow, improving assessment
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of post-clip hemodynamics. Extending the framework to the analysis of the tricuspid valve
is also a potential future direction [29,30].

Additional directions include the systematic treatment of uncertainty. Quantifying
how uncertainties in material properties, geometric measurements, and boundary con-
ditions propagate through the model remains an important scientific challenge and an
area in which relatively little work has been performed in mitral valve simulation. Our
future work will include a systematic investigation of uncertainty, with a focus on post-
clip cases, to assess how uncertainties impact the optimal placement of the MitraClip.
Finally, further integration of image-derived anatomy (particularly parameters that can
be measured noninvasively) may improve realism and expand opportunities for model
personalization without requiring assumptions beyond what can be inferred from standard
clinical imaging.

Together, these directions offer a pathway toward increasingly comprehensive, physio-
logically grounded simulations that can deepen mechanistic understanding of mitral valve
behavior and device–tissue interactions across a broad anatomic spectrum.

5. Conclusions
Beyond the methodological advances, the findings of this study have direct impli-

cations for clinical assessment and transcatheter intervention planning in patients with
severe mitral regurgitation. Current clinical guidelines from the European Society of Car-
diology (ESC) and the American Heart Association (AHA) emphasize comprehensive
echocardiographic evaluation for grading mitral regurgitation severity and for determining
anatomical suitability for intervention, including transcatheter edge-to-edge repair [31,32].
Within this framework, the identification of the most influential geometric parameters as
determinants of orifice area provides a mechanistic basis for prioritizing specific anatomical
measurements during pre-procedural imaging assessment.

In current clinical practice, anatomical suitability for transcatheter edge-to-edge repair
relies on a combination of qualitative assessment and threshold-based criteria, which can
be challenging in patients with complex or borderline valve anatomy. The reduced set of
influential geometric parameters identified here offers a strategy toward more quantitative,
anatomy-driven stratification of patients, potentially improving consistency in patient selec-
tion and procedural planning. Moreover, by linking routinely measurable imaging features
to a functional outcome metric through a surrogate modeling framework, this approach
supports future integration into clinical decision-support tools consistent with ESC and
AHA guidelines, with the potential to improve procedural planning, and transcatheter
intervention strategies.
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