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Abstract

We evaluated the performance of statistical shape mod-
els (SSMs) derived from short-axis (SAX) cardiac magnetic
resonance imaging (CMR) to estimate pulmonary capil-
lary wedge pressure (PCWP) in a cohort of 68 cases with
heart failure with preserved ejection fraction (HFpEF)
and dyspnea. We obtained a 5% improvement in perfor-
mance (R? = 0.36) using 3 principal component anal-
ysis (PCA) modes compared to the existing state-of-the-
art non-invasive method (R? = 0.31), which uses a linear
combination of left ventricular (LV) mass and left-atrial
(LA) volume to estimate PCWP. We also evaluated the
linear formula on our dataset and noticed that inconsis-
tent LV mass-PCWP correlations limited predictive perfor-
mance while the correlation between PCWP and LA vol-
ume calculated from 3D meshes was on par (R?> = 0.30).
Furthermore, manually calculated LA volume using the
voxel-calculation method had the highest individual pre-
dictive performance (R?> = 0.33) followed by PCA mode
1 (R? = 0.32). These findings underscore the potential
of SSMs derived from CMR for non-invasive PCWP esti-
mation in HFpEF patients, suggesting avenues for further
improvement and clinical application.

1. Introduction

Pulmonary capillary wedge pressure (PCWP) is a sur-
rogate for left-atrial (LA) pressure and left-ventricular
(LV) filling pressure [1] and plays a crucial role in dis-
tinguishing between pulmonary hypertension (PH) sub-
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groups [2]. It is traditionally measured using a Swan-Ganz
[3] catheter, which is an invasive procedure with high costs
and associated risks for the patients. Although PCWP can
be derived from non-invasive ultrasound methods, these
techniques can be unreliable [4]. To circumvent these is-
sues, Garg et al. proposed a CMR-based formula ({PCWP
=6.1352+(0.07204 x LAV) + (0.02256 x LVM)}) to esti-
mate PCWP using LA volume (LAV) and LV mass (LVM)
[4]. In a cohort of 835 patients with a primary diagnosis of
dyspnea, the formula achieved an R2 of 0.31.

Statistical shape models (SSMs) find a compact repre-
sentation of changes in anatomy [5]. They have shown the
ability to infer mean pulmonary artery pressure, and we hy-
pothesise that they can improve the accuracy of inferring
PCWP beyond LA volume and LV mass metrics. To this
end, we utilised 3D cubic-Hermite meshes [6] personalised
to the SAX segmentations, enabling automated LA volume
and LV mass calculation to evaluate Garg et al.'s formula
and construct a SSM. A SSM from SAX cardiac imag-
ing may better estimate PCWP in HFpEF patients, with
preliminary evidence showing a 5% increase (R? = 0.36)
over Garg et al.'s model (R? =0.31).

2. Methods

We evaluated Garg et al.'s formula on a dataset
(HFpEF-Stress Trial) [7] consisting of 68 real-time car-
diac magnetic resonance (RT-CMR) cases of heart fail-
ure with preserved ejection fraction (HFpEF ) and non-
cardiac dyspnea patients. The dataset consists of two
invasive catheter measurements of PCWP: i) at rest
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Dyspnea (n=34)
(PCWP_rest < 15) AND (PCWP_exercise < 25)

Dyspnea + HFpEF (n=68)

HFpEF (n=34)
(PCWP_rest 2 15) OR (PCWP_exercise 2 25)

Latent HFpEF (n=19)
(PCWP_rest < 15) AND (PCWP_exercise 2 25)
Overt HFpEF (n=31)

(PCWP_rest 2 15) AND (PCWP_exercise 2 25)
Outlier (n=3)

(PCWP_rest 2 15) AND (PCWP_exercise < 25)

Figure 1. Distribution of aetiology in the HFpEF-Stress
dataset. Blue: Left Atria, Cyan: Right Ventricle, Brown:
Left Ventricular Myocardium.

Figure 2. Exemplary SAX segmentation in our dataset.

{PCWP, s+ (11.16 mmHg =+ 4.86 mmHg)} and
ii) during exercise {PCWP_zercise (22.59 mmHg =+
8.95 mmHg)} and imaging sequences includes: i) SAX
(see figure 2), ii) two-chamber (2:qmber ) and iii) four-
chamber (4¢.pqmper ) long-axis (LAX) of both the left atria
(LA) and left ventricle (LV). Segmentations of the LA
and LV were performed in three cardiac phases: i) End-
diastole (ED), ii) Mid-diastole (MD) and iii) End-Systole
(ES). Also, based on the PCWP,..,; and PCWP,,crcise »
we categorized our cases into subgroups (see Figure 1).

We generated cubic-Hermite meshes [6] of the LA and
LV from SAX segmentations and used them to construct an
LA and an LV SSM. We then extracted LAV (97.86 mL +
30.14 mL), LA Sphericity (82.16 % + 3.13 %) and LVM
(148.98 ¢ £+ 45.36 g) from the meshes. Using the SSM
modes, we assessed their correlation with PCWP. Addi-
tionally, to enhance generalization, we employed penal-
ized linear regression with leave-one-out cross-validation
(LOOCYV) [8] and gradually aggregated modes to deter-
mine the most influential combination.

2.1. Building Statistical Shape Models

Our mesh generation process involved registering a pre-
computed 3D template onto organ segmentation, utilizing
a warping function to deform the initial template to match
individual anatomy [9]. Additionally, an initial alignment
process was performed requiring three vector directions: 1)
perpendicular to the SAX plane, ii) towards the left ven-
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Figure 3. Mesh generation pipeline (Adapted from [9]).
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Figure 4.  Performance (R?) of PCA modes to pre-
dict PCWP with a growing number of modes aggregated.
(V.C.: Voxel Calculation Method)

tricular outflow tract, and iii) their cross-product. Sub-
sequently, SSMs were constructed by applying Principal
Component Analysis (PCA) to the meshes’ degrees of
freedom, projecting them into a lower-dimensional space
while maximizing variance along each axis [10].

2.2. Gradual Aggregation of PCA Modes

We utilized penalized linear regression to enhance
model generalization by limiting coefficient growth [8].
Our aim was to estimate PCWP accurately with minimal
PCA modes while ensuring robust generalization.

We adopted a gradual aggregation strategy, initially in-
corporating the most individually predictive mode and pro-
gressively adding modes based on their combined predic-
tive power. We also explored a reverse approach, ini-
tially including all modes and selectively removing those
with minimal impact. The goal was to identify a converg-
ing set of consensus modes with the highest correlation
with PCWP. Finally, we employed leave-one-out cross-
validation (LOOCV) to maximize data utilization and gen-
eralizability within our small cohort.

2.3. Interpretation of PCA modes

We analyzed the correlation between various PCA
modes and LAV and LA sphericity, along with qualita-
tively interpreting individual and aggregated modes by vi-
sual inspection of their 3D shapes.
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Train R? 0.32 0.37 0.42
LOOCV R? 0.28 0.32 0.36

Figure 5. Illustration of the 3D models of the individual
and aggregated PCA modes of the LA. The gold and purple
shapes represent the two extremes explained by the modes.
The two red spheres overlaid represent directions, from the
centre of mass, towards the inferior direction of the SAX
stack and towards the left ventricular outflow tract. (S: Su-
perior, A: Anterior, L: Left of Atria)

3. Results

3.1. Evaluation of Garg et al.'s Formula

We evaluated Garg et al.'s formula on the HFpEF-Stress
dataset using LAV and LVM mass extracted from the 3D
meshes, achieving an R? of 0.21 compared to Garg et al.'s
baseline R? of 0.31. To understand the 10% performance
drop, we conducted individual correlation analyses of LAV
and LVM with PCWP. We observed that the LA volume
correlation (R? = 0.30) remained consistent with Garg
et al.'s ’ findings. However, LV mass correlation became
insignificant (R? = 0.00) compared to Garg et al.'s (R? =
0.08), resulting in an overall decline in performance.

Furthermore, to assess the robustness of LAV and LVM
extracted from meshes, we calculated LAV and LVM
from the SAX segmentations using the voxel-calculation
method and achieved a higher R? of 0.27 using the for-
mula, attributed to a 3% increase in LAV (R? = 0.33) and
a 1% increase in LVM (R? = 0.01).

Finally, to understand the insignificant correlation be-
tween LVM and PCWP, we examined its distribution
across our dataset. We found that our dataset exhibited
a higher mean LVM (148.98 + 45.03) compared to Garg
et al.'s dataset (96.6 + 32.1).

3.2. PCA modes to predict PCWP and their
interpretation

To explore shape patterns correlating with PCWP, we
constructed SSMs from 3D meshes. We only report the
results LA SSM, as the LV SSM had insignificant predic-

tive performance. Using individual correlation analysis of
the PCA modes with PCWP, we found that mode 1 had the
highest correlation (R? = 0.32), followed by modes 6, 3
and 9 (R? = 0.10, R? = 0.05, R? = 0.03 respectively).

LA mode 1 is highly correlated with volume (R?> =
0.85) while only 6% of the variance is explained by
sphericity [11]. Furthermore, by visualizing figure 5 we
notice that two extremes of PCA mode 1 explains vol-
ume. We also notice that one of the extremes (yellow)
when combining modes 1, 9 and 3 resembles the LA roof-
dilation towards the right pulmonary veins, while the mi-
tral annulus elongates towards the RV apex.

3.3. Gradual aggregation of PCA modes to
predict PCWP

We then performed gradual aggregation of modes us-
ing LOOCYV and found that mode 1 has a cross-validation
R? = 0.28, combining modes 1 and 9 results in R? =
0.32 and combining modes 1, 9 and 3 results in R? =
0.36. However, further aggregation of modes did improve
LOOCYV performance. The reverse approach, with gradual
removal, reached the same optimal combination of modes.

4. Discussion

Our results suggest that PCWP can be reliably inferred
from LA volume but not from LV mass and that the 3D
morphology of the LA, as captured by an SSM, improves
the ability to infer PCWP over current state-of-the-art
(R? =0.36 vs. R? =0.31).

The ability to predict PCWP from simple metrics [4]
was reproduced in our work, in agreement with recent re-
ports [12], but with an important novel insight: LV mass
was not correlated with PCWP. Consequently, an overall
decrease in PCWP estimation accuracy was reported when
utilizing Garg et al.'s formula (0.31 vs. 0.21). This finding
may be because our population displayed a much more en-
larged LV. We thus interpret that LVs with a larger mass, a
sign of a later stage of remodelling, have lost the ability to
further remodel with changes in PCWP.

LA volume is a stronger predictor of PCWP than LV
mass, as already described [4], and our results show that
manual calculation of LAV using SAX voxel-calculation
demonstrated the highest individual correlation to PCWP.
We expected that the personalization of 3D meshes would
improve the accuracy of LAV computation and, as such,
the correlation with PCWP, as demonstrated when working
with LV [13] and justified by the removal of segmentation
noise and artefacts achieved. Nevertheless, both volume
computation from mesh and PCA mode 1, which mainly
explains volume change, reported weaker performance.

In our study, we computed LA volume from a SAX,
which we expected to be more accurate than the more con-
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ventional long axis acquisitions with either a single plane
[14] or the bi-plane rule [4] that have been used to estimate
PCWP and bi-plane volume is more accurate than a single
plane [12]. Our future plan is to quantify the impact of
using SAX vs. a long-axis baseline performance.

Prediction of PCWP is not only driven by LAV but also
by its 3D morphology. The gradual aggregating modes re-
port that modes with weaker individual correlations (e.g.,
mode 9) could significantly enhance overall performance,
indicating their potential complementarity. The 3D visual
inspection of the aggregated modes suggests the presence
of forces that pull the right pulmonary artery upwards, mir-
rored by forces that pull the mitral valve region down-
wards. Further research is needed to validate these find-
ings’ generality and relevance.

4.1. Limitations

Despite our thorough analysis, this study has limita-
tions. The small sample size (68 cases) may restrict gen-
eralizability, especially as we focused on HFpEF and non-
cardiac dyspnea patients. Additionally, important factors
like comorbidities and medication usage were not consid-
ered, potentially affecting our predictive models. Future
research should include larger, more diverse cohorts to val-
idate non-invasive PCWP estimation methods.

5. Conclusion

A SSM built from SAX cardiac imaging may better esti-
mate PCWP in HFpEF patients, with preliminary evidence
showing a 5% increase (R?> = 0.36) over Garg et al.'s
model (R? = 0.31).
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