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Image-based clustering analysis of calcification 
patterns in bioprosthetic heart valves
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Objective: to identify key patterns of calcification in explanted bioprosthetic heart valves (BHVs) using cluster 
analysis of computed tomography-derived graphical data. Materials and methods. The study included 11 UniLine 
BHVs that were routinely explanted during reoperations for structural valve dysfunction. Computed tomography 
was used to obtain DICOM images of each sample, followed by generation of maximum intensity projections and 
segmentation of the valves into individual leaflets (n = 33). The images were pre-processed using binary threshol-
ding to differentiate calcified regions from non-calcified biological tissue. Cluster analysis was performed using 
various algorithms: Gaussian mixture models, Ordering Points To Identify the Clustering Structure (OPTICS), 
k-means clustering, agglomerative (hierarchical) clustering, and spectral clustering. A basic quantitative method 
assessing the proportion of pixels corresponding to calcified areas was used for comparison. The performance 
of clustering algorithms was evaluated using the silhouette score. The presence of calcium deposits in the valves 
and the accuracy of binary thresholding were further verified histologically by alizarin red S staining of valve 
cryosections. Results. Data preprocessing based on image binarization yielded a maximum silhouette score of 
0.55. Among the clustering algorithms, the highest silhouette scores were achieved with the agglomerative (0.55) 
and k-means (0.54) methods; however, both demonstrated substantial data imbalance, with up to 85% of samples 
grouped within a single cluster, limiting their practical applicability. The most balanced clustering was achieved 
using spectral clustering (silhouette score 0.45) and the basic quantitative approach (0.44). Both methods identified 
three distinct patterns of bioprosthetic valve leaflet calcification: (1) non-calcified leaflets, (2) partial calcification, 
and (3) total calcification. Conclusion. Three key calcification patterns were identified in explanted BHVs – ab-
sence of calcium, partial calcification, and total calcification. Spectral clustering and the basic quantitative method 
demonstrated the most balanced results, while other algorithms showed pronounced cluster imbalance. Heat map 
analysis revealed that in partial calcification, mineral deposition typically begins in the commissural and dome 
regions of the leaflets, near the free edge, and in total calcification, extends across the entire dome and leaflet base.
Keywords: bioprosthetic heart valves; prosthetic valve dysfunction; structural valve degeneration; 
calcification; cluster analysis.
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Introduction
The introduction of bioprosthetic heart valves (BHVs) 

has been a major advancement in treating valvular heart 
disease. Owing to their physiological hemodynamic per-
formance and the absence of a need for long-term an-
ticoagulant therapy, BHVs are widely used in clinical 
practice. In 2022, 2,526 surgical and 1,633 transcatheter 
BHVs were implanted in the Russian Federation [1, 2]. 
However, their long-term durability remains a limitation 
due to structural valve degeneration, which ultimately 
leads to hydrodynamic failure. Literature reports indicate 
that within 10–15 years, up to half of BHVs made from 
xenopericardial material develop dysfunction [3]. Such 
cases necessitate repeat valve replacement, a procedu-
re associated with significantly higher risks of serious 
complications and mortality compared with primary in-
terventions [4–6].

In more than half of cases, calcification of the valve 
apparatus is the primary cause of BHV dysfunction [7]. 
Calcium deposition in the leaflets increases their stiff-
ness, leading to characteristic clinical manifestations 
such as a high transprosthetic gradient, elevated flow 
velocity, and a reduced effective orifice area [8, 9].

Bioprosthetic tissue mineralization is a multifactorial 
process driven by the interplay of several mechanisms. 
These include passive calcium deposition on residual 
donor cells, chemically cross-linked collagen, and da-
maged elastic fibers, as well as active biomineralization 
involving apoptotic immune cells and circulating reci-
pient factors [10]. Cyclic mechanical loading further 
accelerates calcification by inducing fatigue damage in 
collagen fibers, thereby creating sites susceptible to mi-
neral deposition [11].

Current research actively investigates the causes and 
biomechanical consequences of BHV calcification to 
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Fig. 1. Workflow for obtaining input data for the segmentation algorithm. An enlarged sequence is presented, from CT scan-
ning of the explanted bioprosthetic heart valves to obtaining images of individual valves used for clustering

develop strategies that extend their functional lifespan. 
One approach to elucidating calcification mechanisms 
involves analyzing characteristic regions and patterns 
of mineral deposition within valve structures. Such stu-
dies can identify areas most prone to mineralization, 
their relationship with mechanical stress, and potential 
directions for improving prosthesis design.

Existing literature presents two contrasting perspec-
tives. Some studies demonstrate distinct and reprodu-
cible calcification patterns correlated with regions of 
high hemodynamic and mechanical stress [12–15] or 
draw analogies with native valve calcification patterns 
applicable to BHVs [16, 17]. Others, however, report a 
random distribution of mineral deposits, focusing solely 
on the extent and severity of calcification without defi-
ning its spatial organization [18, 19]. Both viewpoints 
are supported by qualitative and quantitative evidence, 
making it difficult to establish a unified concept of cal-
cification distribution in BHVs.

This study aims to enhance understanding of the cha-
racteristic patterns of calcium deposit localization in 
explanted BHVs treated with ethylene glycol diglycidyl 
ether, using cluster analysis of computed tomography 
(CT)-derived graphical data.

Materials and Methods
Data acquisition and preparation

The study was based on DICOM images of explanted 
BHVs obtained using multislice computed tomography 
(MSCT) on a LightSpeed™ VCT 64 scanner (General 
Electric, USA). All samples were mounted on a stage and 
scanned under the following parameters: tube voltage – 
120 kV, current – 160 mA, rotation time – 0.9 s, total 
scan time – 6.8 s, and scan speed – 39.37 mm/rev. Image 

reconstruction was performed with a slice thickness of 
0.625 mm using a standard reconstruction kernel.

A total of 11 Uniline xenopericardial atrioventricular 
BHVs were analyzed. These prostheses had been rou-
tinely explanted and replaced at the Research Institute 
for Complex Issues of Cardiovascular Diseases in Ke-
merovo, Russia between 2015 and 2024. A brief clinical 
description of the patients is provided in Table 1.

The DICOM images obtained were processed as 
maximum intensity projections (MIP) in a top-view 
orientation. Each prosthesis image was then manually 
segmented into three leaflets and aligned into a unified 
position to achieve an overlay of all leaflets from the 
11 samples (Fig. 1).

Table 1
Clinical characteristics of patients from whom 

explanted bioprosthetic heart valves were obtained
Parameter Value

Age at the time of valve replacement, 
median [Q1; Q2], years

57  
[44.75; 65.75]

Gender:
Male, n (%)
Female, n (%)

6 (55%)
5 (45%)

Reason for valve replacement:
Structural valve degeneration, n (%)
Prosthetic endocarditis, n (%)

6 (55%)
5 (45%)

Coexisting diseases:
Hypertensive disease, n (%)
Dyslipidemia, n (%)
Diabetes mellitus, n (%)
Chronic kidney disease, n (%)

3 (27%)
2 (18%)
1 (9%)
7 (64%)

Prosthesis functioning period,  
median [Q1; Q2], years

2.75  
[0.79; 5.90]
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The resulting dataset – comprising 33 individual leaf-
lets represented as separate images – was subjected to 
cluster analysis using various data preprocessing strate-
gies and clustering algorithms.

Data preprocessing strategies
Three preprocessing strategies were applied:

1)	 Raw data: Processing of raw DICOM images wit-
hout any modifications.

2)	 Image binarization to identify calcified regions 
(calcified tissue only). A binary thresholding method 
was applied, where pixels with an intensity range of 
193–255 were assigned a value of 255, and all others 
were set to 0. This approach enabled clear identifica-
tion of calcified regions, which is clinically relevant 
for assessing valve degeneration.

3)	 Combined representation (calcified and non-calci-
fied tissue): In this approach, pixels were differenti-
ated in a more detailed way. Pixels with intensities 
from 193 to 255 were set to 255 (indicating calcifi-
cation), while those from 1 to 192 were set to 124 
(representing non-calcified biomaterial). This strategy 
allowed for simultaneous highlighting of calcified and 
soft tissue areas, which facilitated a more detailed 
analysis of the images obtained.

Clustering algorithms
Basic method. This approach served as a reference 

(comparison) method. Clustering was performed artifi-
cially based on calcium levels. All images were binarized 
using a threshold of 193/255, after which the number of 
white pixels – corresponding to areas of valve minerali-
zation – was calculated. The median and quartile values 
of this parameter were then determined. Based on these 
statistics, three clusters were defined: low calcification 
(images with calcium content below the median); me-
dium (images within the third quartile [50–74% of the 
sample]; high calcification (images within the fourth 
quartile [75–100% of the sample]).

The following clustering algorithms were applied in 
the study:
1)	 Gaussian Mixture Models (GMM). This probabi-

listic model was selected for its ability to represent 
data as a combination of probability distributions, 
allowing estimation of intra-cluster variance. GMM 
is well suited for heterogeneous image datasets, parti-
cularly when clusters overlap or have uneven density 
[20].

2)	 Ordering Points to Identify the Clustering Struc-
ture (OPTICS). OPTICS was used to detect clusters 
of arbitrary shape under conditions of variable data 
density. Its robustness makes it effective for analy-
zing fragmented or irregular structures, such as those 
found in medical images affected by artifacts or low 
signal-to-noise ratios [21].

3)	 k-Means Method. The k-means algorithm was cho-
sen for its computational efficiency and scalability, 
which are advantageous in large-scale image seg-
mentation. Although it assumes spherical cluster geo-
metry, its simplicity and established performance in 
image analysis justify its inclusion in the study [20].

4)	 Agglomerative Clustering. This hierarchical ap-
proach was employed to uncover nested structure 
within the data, enabling a detailed examination of 
images with multi-scale structural patterns [22].

5)	 Spectral Clustering. This algorithm was applied to 
identify complex, non-spherical data structures. Its ef-
fectiveness in separating non-linearly separable clus-
ters has been confirmed in a number of studies [22].

Indicators analyzed
The study evaluated several quantitative and qua-

litative indicators to evaluate the performance of the 
clustering algorithms.
1)	 Silhouette score: This metric, ranging from –1 to +1, 

was used to assess cluster compactness and separabi-
lity. Values close to +1 indicate well-defined, cohesive 
clusters with minimal overlap, while negative values 
suggest incorrect or ambiguous data partitioning [23].

2)	 Clustered image grouping with label display. Ima-
ges assigned to each cluster were organized in matrix 
form with corresponding textual labels. This visu-
alization enabled qualitative assessment of cluster 
semantic consistency, detection of anomalies, and 
analysis of object distribution within groups.

3)	 Principal component analysis (PCA) visualization. 
PCA was employed for linear dimensionality reduc-
tion, allowing the data to be represented in a two-
dimensional (2D) space. This facilitated assessment 
of data dispersion and cluster separability.

4)	 t-distributed stochastic neighbor embedding (t-
SNE) visualization. Nonlinear dimensionality reduc-
tion using t-SNE [24] was applied to visualize clusters 
with complex, non-linear structures while preserving 
local relationships between points. The results were 
compared with PCA visualizations to assess the sta-
bility of the identified clustering patterns.

5)	 Maximum intensity projections (MIP). To evaluate 
the spatial distribution of calcifications, all image sli-
ces (frames) were combined into a single 2D projec-
tion by selecting the maximum pixel intensity values 
along the Z-axis.

6)	 Heat map of relative cumulative calcium distri-
bution. Using normalized pixel intensities (range 
[0–1]), aggregated maps of calcification density were 
generated for both the overall dataset and individual 
clusters. This visualization highlighted probabilistic 
differences in the density and spatial organization of 
calcifications between groups.
The technical implementation of preliminary data 

processing, clustering analysis, and data visualization 
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Fig. 2. Visualization of different data preprocessing strategies. Shown are examples of maximum intensity projection (MIP), 
principal component analysis (PCA) visualization, and t-distributed stochastic neighbor embedding (t-SNE) visualization 
applied to images of bioprosthetic valve leaflets

a cb

was carried out in the Python 3.11 programming envi-
ronment using the OpenCV, NumPy, Pandas, and Scikit-
learn libraries. The complete program code is available 
at: https://github.com/Eugene-Ovcharenko/BHV_leaf-
let_images_clustering.git.

Visualization of calcium using histological 
methods

The study results were validated through histological 
analysis. After MSCT scanning, the valve leaflets were 
carefully separated from the BHV frame to prepare histo-
logical sections. Fragments of the biomaterial were fixed 
in Neg-50 rapid tissue freezing medium (6502, Thermo 
Fisher Scientific, USA), and serial cryosections were 
obtained using an HM525 microtome-cryostat (Thermo 
Fisher Scientific, USA). The resulting sections, 5 μm 
thick, were placed on microscope slides.

Calcium deposits were visualized by staining the sec-
tions with Alizarin Red S (ab142980, Abcam) according 
to the manufacturer’s instructions. The stained sections 
were examined under a Meiji Techno MT5300L auto-
mated laboratory biological microscope, and subsequent 

image processing was performed using QuPath 0.4.1 
software.

Results
In total, this study produced 325 clustering variants 

of MSCT data, combining different image preprocessing 
strategies, clustering algorithms, variable cluster num-
bers (ranging from 2 to 5), and algorithm-specific hyper-
parameters. Given the exploratory nature of the analysis, 
the results were evaluated sequentially according to: data 
preprocessing strategies, clustering algorithms, and the 
most effective combinations of both.

Data preprocessing strategies
All preprocessing approaches had a marked impact 

on the analyzed imaging data (Fig. 2a). Image binari-
zation on calcium intensity threshold, visualized using 
principal component analysis (Fig. 2b), revealed some 
distinguishable regions that could be further separated 
into distinct groups. However, most data points overlap-
ped due to the predominance of empty (non-calcified) 
areas after binarization.
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The combined option, consisting of a combination 
of binarized data on calcium threshold and biomaterial 
threshold, also provided clearer separation and superior 
visualization when analyzed using t-SNE (Fig. 2c).

Importantly, histological examination of the BHV 
leaflets confirmed the accuracy of the image binarization 
results: the locations of macrocalcifications observed 
in histological sections corresponded closely with the 
mineralization patterns identified from the processed 
MSCT images (Fig. 3).

Quantitative analysis of the clustering results across 
the three preprocessing strategies revealed that only 
one approach – image binarization based on the calci-
um threshold – produced satisfactory silhouette scores 
(Table 2). This method achieved a score of 0.55, which 
is considered high within the possible range of –1 to +1.

Clustering algorithms
Analysis of the results revealed a marked variation 

in clustering quality depending on the algorithm used 

(Table 3). The OPTICS algorithm proved ineffective 
in this context, showing an extremely low silhouette 
score close to zero. Other algorithms performed better, 
achieving silhouette scores in the range of 0.54–0.55 in 
the best cases. However, in most instances, the resulting 
clusters were highly unbalanced. Specifically, algorithms 
with higher silhouette scores consistently produced one 
dominant cluster (Class I) and two much smaller clus-
ters (Classes II and III), comprising only 3–18% of the 
dataset. This pronounced imbalance indicates that the 
observed groupings likely do not reflect distinct patterns 
of calcification.

Among all the results presented, two configurations 
stood out: No. 0346 (Basic) and No. 0159 (Spectral) 
(Table 3). Both demonstrated moderate silhouette scores 
of 0.44 and 0.45, respectively, with a relatively balan-
ced class distribution. In these cases, the primary class 
comprised 52% and 64% of the images, respectively, 
while Classes II and III included 15–24% of the dataset. 
Overall, these results indicated the presence of distinct 

2
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Free edge

Free edge

1000 μm

1000 μm
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1

Fig. 3. Comparison between the binarized image of the valve and the corresponding histological section stained with alizarin 
red S. Arrows indicate areas of calcium deposition

Table 2
Quantitative characteristics of clustering algorithms, grouped by data preprocessing strategy

No. Strategy Number of clusters Silhouette score Cluster I size, % Cluster II size, % Cluster III size, %
0043 Initial data 3 0.37 91 6 3
0042 Initial data 3 0.33 12 82 6
0041 Initial data 3 0.30 58 30 6
0159 Binarization 3 0.55 9 85 6
0346 Binarization 3 0.55 9 85 6
0166 Binarization 4 0.54 85 6 6
0274 Combined 3 0.08 21 58 21
0273 Combined 3 0.07 21 33 45
0271 Combined 3 0.07 21 24 55

Note: For clarity, the table includes only the three preliminary data preprocessing strategies that achieved the best silhouette 
scores. All other configurations demonstrated significantly lower performance.
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calcification classes. The clustering outcomes of these 
two algorithms (No. 0346 and No. 0159) are illustrated 
in Fig. 4, showing the division of the dataset into separate 
classes corresponding to specific calcification patterns. 
Qualitative analysis revealed that both methods identified 
three main heterogeneous groups: absence of calcium, 
partial calcification, and total calcification. It  is worth 
noting that the spectral method misclassified five images 
exhibiting partial calcification into Cluster I (absence of 
calcium), which slightly distorted the result.

The next phase of the study involved merging the 
individual images associated with each cluster to form 
representative calcification patterns. These patterns were 
grouped into three categories: no calcification, partial 
calcification, and total calcification of the valve (Fig. 5).

The next stage of the study involved combining indi-
vidual images from each cluster into distinct calcification 
patterns: absence of calcium, partial calcification, and to-
tal calcification (Fig. 5). Heat maps generated using two 
clustering algorithms (basic and spectral) illustrated the 
probability distribution of mineralization within the leaf-
let apparatus of the BHVs. Overall, the patterns obtained 
by both methods were largely consistent; however, the 
spectral method more distinctly identified certain leaflets 
with low levels of calcification within cluster I, resulting 
in qualitative differences between the heat maps. Nota-
bly, in cluster II (partial calcification), calcium deposits 
were predominantly located in the commissural zone 
and along the valve dome near the free edge, whereas in 
cluster III (total calcification), they were concentrated in 
the central portion of the leaflet dome. The PCA diagram 
(Fig. 6) helps explain this phenomenon: the spectral al-
gorithm tended to assign cluster I (no calcification) to 

Table 3
Quantitative characteristics of clustering algorithms

No. Clustering algorithm Number of clusters Silhouette score Cluster I size, % Cluster II size, % Cluster III size, %
0346 Basic 3 0.44 52 24 24
0138 Gaussian mixture 3 0.50 76 18 6
0136 Gaussian mixture 3 0.50 79 15 6
0137 Gaussian mixture 3 0.50 79 15 6
0113 OPTICS 3 0.04 24 18 58
0114 OPTICS 2 –0.01 24 76 –
0343 OPTICS 3 –0.08 12 18 70
0120 k-means 3 0.54 82 6 12
0121 k-means 3 0.54 82 6 12
0122 k-means 3 0.54 82 6 12
0198 Agglomerative 3 0.55 85 9 6
0199 Agglomerative 3 0.55 85 9 6
0201 Agglomerative 3 0.53 91 3 6
0159 Spectral 3 0.45 64 15 21
0162 Spectral 3 0.28 27 55 18
0163 Spectral 3 0.28 27 55 18

Note: For clarity, the table includes only the three clustering algorithms that achieved the best silhouette scores. All other 
algorithms demonstrated significantly lower performance. Minor classes (small cluster sizes) are highlighted in gray.

images situated very close to those in cluster II. Thus, 
the heat map analysis revealed differences between clus-
ters not only in the extent of calcification but also in its 
spatial distribution.

Discussion
Calcification of BHVs is a multifactorial process dri-

ven by a complex interplay of material changes [10]. Re-
search groups have extensively investigated both native 
heart valves [25] and their bioprosthetic counterparts 
[12–14] in an effort to identify clinical and metabolic 
predictors of this condition [26, 27]. An important me-
thod for determining the causes and characteristics of 
bioprosthetic calcification is the analysis of mineral de-
posit distribution within the valve apparatus.

According to literature reports, investigators have 
reached two contrasting conclusions when interpreting 
existing data: some describe a distinct pattern in the lo-
calization of calcium deposits, whereas others emphasize 
their random distribution [12–15, 28, 29]. On one hand, 
studies correlating calcium accumulation with regions 
of high mechanical or shear stress have demonstrated 
well-defined localization patterns [12–15]. The areas of 
greatest mechanical loading, primarily the valve dome 
and commissural zones, are therefore regarded as pre-
disposed to mineralization. On the other hand, several 
authors attribute bioprosthetic calcification to the in-
filtration of blood-derived molecular components and 
subsequent immune responses to xenogeneic tissue [28, 
29]. Within this framework, the entire volume of the 
biomaterial becomes a potential target for calcification, 
and it is not possible to identify a single characteristic 
pattern [18, 19].
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Fig. 4. Visualization of the distribution of valve images after threshold-based calcium detection. The figure illustrates the 
results obtained using the two most effective clustering algorithms – basic and spectral clustering. Three distinct classes are 
identified: absence of calcium, partial calcification, and total calcification

Basic method (No. 0346) Spectral method (No. 0159)
Cluster I

No calcium
(n = 17)

Cluster I
No calcium

(n = 21)

Cluster II
Partial 

calcification
(n = 8)

Cluster II
Partial 

calcification
(n = 5)

Cluster III
Total 

calcification
(n = 8)

Cluster III
Total 

calcification
(n = 7)

Our previous pilot study [30], together with the pre-
sent investigation, largely supports the former hypothe-
sis – that regions of mineralization tend to colocalize 
with areas of increased mechanical stress on the valve 
leaflets. However, the current results provide a more 
detailed characterization of the extent and spatial dis-
tribution of calcium deposits across different degrees 
of mineralization – we were able to identify the leaflet 
regions most frequently affected in cases of partial and 
total calcification.

For cluster II (partial calcification), the predominant 
areas of mineralization were located in the commissural 
region and along the valve dome near the free edge, whe-
reas for cluster III (total calcification), calcification was 
concentrated in the central portion of the dome (Fig. 5). 
This suggests that the calcification process develops pro-
gressively – from initial involvement of the commissures 
and the line of coaptation to subsequent extension into 
the dome region. 
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Fig. 5. Final image of calcification clusters obtained using the two most effective approaches – the basic method and the 
spectral clustering algorithm. The data are presented as a heat map of the relative cumulative distribution of calcium and as an 
overlay of all the original MSCT images

Fig. 6. Principal component analysis (PCA) diagram characterizing the identified clusters of calcification images. Results 
for both of the most effective algorithms are presented. The arrows indicate key differences between the two algorithms – in 
clusters I and II. Note: Because of point overlap, cluster I appears as a single point, as all empty images after binarization have 
the same coordinates within the principal component space
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However, the present results do not allow this hy-
pothesis to be confirmed, as further investigation is re-
quired.

It is noteworthy that a similar pattern of calcifica-
tion was observed for both foreign (literature data) and 
domestic (this study) bioprostheses, despite differences 
in biomaterial preservation techniques. In a study by 
Tsolaki et al. (2023) involving Perimount Magna Ease 
bioprosthetic valves (n = 14) stabilized with glutaralde-
hyde, the valve dome was identified as the region most 
susceptible to calcification [12]. In the current study, do-
mestically produced prostheses preserved with ethylene 
glycol diglycidyl ether exhibited comparable localization 
of mineralization, primarily within the dome region. This 
concordance likely reflects the dominant role of mecha-
nical stress as a key factor promoting or accelerating 
calcification, given that the greatest stress occurs within 
the dome of the valve leaflet [12].

Finally, it is worth briefly highlighting the applied 
aspect of this study. From a practical standpoint, the 
identified calcification patterns make it possible to deter-
mine the most vulnerable regions of bioprosthetic valves 
and to outline potential directions for their structural 
optimization. For example, the predominant localization 
of calcium deposits in specific areas of the valve leaf-
lets can be considered in the design of new biomaterials 
or in modifying valve geometry to reduce mechanical 
stress, one of the key factors contributing to prosthesis 
dysfunction [10–15].

From a methodological perspective, analyzing the 
technical component of the work revealed that data pre-
processing techniques significantly influenced the quality 
of clustering. The most effective approach was image bi-
narization based on a calcium intensity threshold, which 
yielded the highest silhouette score (0.55), reflecting 
clear structural differentiation among samples. In cont-
rast, a combined preprocessing strategy – smoothing the 
brightness range while retaining original, non-binarized 
images – proved less effective. Thus, binary segmenta-
tion of pixels into calcified and non-calcified regions 
enhances both the accuracy of clustering and the identifi-
cation of structural patterns associated with pathological 
changes. This result is quite expected, given that MSCT 
imaging of bioprostheses is primarily intended to visua-
lize calcium deposits, which therefore serve as the princi-
pal criterion for cluster formation: the more pronounced 
the calcified regions, the easier it is to cluster images.

A comparison of the clustering algorithms demonst-
rated that the most balanced results were obtained using 
the spectral algorithm and the basic method. Both ap-
proaches provided satisfactory grouping of bioprosthetic 
valve images into three distinct classes: without calcifi-
cation, with partial calcification, and with total calcifica-
tion. In contrast, the Gaussian mixture model, k-means, 
and agglomerative clustering achieved relatively high 
silhouette scores but exhibited significant class imba-

lance, with uneven sample distribution across clusters, 
thereby complicating the interpretation of results.

Conclusion
The optimal method for preprocessing MSCT ima-

ges of BHVs explanted due to dysfunction was image 
binarization on the threshold of calcium X-ray density, 
as determined by clustering quality assessment. Among 
the tested clustering algorithms, the spectral clustering 
proved to be the most effective, allowing balanced clus-
ters to be identified based on calcium distribution.

Analysis of the calcification characteristics in BHVs 
explanted due to dysfunction revealed three key calci-
fication patterns, clearly differentiated by the ratio of 
mineralized to intact biomaterial: non-calcified leaflets, 
partial calcification, and total calcification. These charac-
teristic patterns correspond to the extent of structural al-
teration and are presumably localized in regions exposed 
to the greatest mechanical stress. Heat maps illustrating 
the probability of calcium localization showed that, in 
partial calcification, mineralization predominantly affects 
the commissural areas and the valve dome near the free 
edge, whereas in total calcification, calcium deposition 
extends across the entire dome region.

The authors declare no conflict of interest.
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