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Abstract

Motivation: Dendritic spines, postsynaptic structures characterized by their complex shapes, provide the essential struc-
tural foundation for synaptic function. Their shape is dynamic, undergoing alterations in various conditions, notably dur-
ing neurodegenerative disorders like Alzheimer’s disease. The dramatically increasing prevalence of such diseases high-
lights an urgent need for effective treatments. A key strategy in developing these treatments involves evaluating how
dendritic spine morphology responds to potential therapeutic compounds. Although a link between spine shape and func-
tion is recognized, its precise nature is still not fully elucidated. Consequently, advancing our understanding of dendritic
spines in both health and disease necessitates the urgent development of more effective methods for assessing
their morphology.

Results: This study introduces qualitatively new 3D dendritic shape descriptors based on spherical harmonics and Zernike
moments and proposes a bases on them clustering approach for grouping dendritic spines with similar shapes applied to
3D polygonal spines meshes acquired from Z-stack dendrite images. By integrating these methods, we achieve improved
differentiation between normal and pathological spines represented by the Alzheimer’s disease in vitro model, offering a
more precise representation of morphological diversity. Additionally, the proposed spherical harmonics approach enables
dendritic spine reconstruction from vector-based shape representations, providing a novel tool for studying structural
changes associated with neurodegeneration and possibilities for synthetic dendritic spines dataset generation.

Availability and implementation: The software used for experiments is public and available at https://github.com/Biomed-
imaging-lab/SpineTool with the DOI: 10.5281/zenodo.17359066. Descriptors codebase is available at https://github.com/
Biomed-imaging-lab/Spine-Shape-Descriptors with the DOI: 10.5281/zenodo.17302859.

1 Introduction

Dendritic spines (spines) are small protrusions from dendrites
form functional connections with axons of other neurons (Smith
et al. 2014). Spines are crucial for memory formation and stor-
age, playing a key role in synaptic potentiation and depression
(Bailey et al. 2015). Learning and memory consolidation are
closely tied to the remodeling or elimination of existing den-
dritic spines and the creation of new ones, which enhances the
efficiency of information transfer between neurons
(Chidambaram et al. 2019, Stein and Zito 2019). Their size and

shape constantly changing during normal brain function
(Steffens et al. 2021), and this dynamic nature is supported by a
complex network of signaling molecules and cascades
(Nakahata and Yasuda 2018). Dendritic spines exhibit changes in
response to various stimuli, including drug administration
(Barrientos et al. 2018), hypoxia (Saraceno et al. 2012), environ-
mental changes (Ashokan et al. 2018), and also various neurode-
velopmental, neurodegenerative, and psychiatric conditions
(Penzes et al. 2011). For instance, Alzheimer’s disease (AD) is as-
sociated with dendritic spine shrinkage and elimination in the
hippocampus and cortex, potentially occurring before clinical
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symptoms such as cognitive decline and memory dysfunction
appear (Boros et al. 2017). Normalization of dendritic spines
structure may be the one of the therapeutic strategies and a
valuable outcome in preclinical drug testing for Alzheimer’s and
other neurodegenerative diseases.

Dendritic spines display considerable structural diversity,
with sizes that differ greatly and shapes varying from elongated
protrusions to rounded, mushroom-like forms, forming a contin-
uum of morphological kinds (Loewenstein et al. 2011, Ofer et al.
2022). Dendritic spine morphology is usually connected with
their functionality (Arellano et al. 2007), so it is essential to sepa-
rate different morphological shapes and features of spines.
Traditionally, various research studies distinguish between three
to five morphological classes, with the most commonly ac-
cepted classification categorizing dendritic spines into mush-
room, thin, and stubby types (Bourne and Harris 2008,
Rodriguez et al. 2008). Some researchers also distinguish filopo-
dia as a separate category (Yuste and Bonhoeffer 2001). The lim-
itations of the classification approach lie in the subjective
determination of morphological groups, which can lead to
inconsistencies (Pchitskaya et al. 2023).

In recent years, the concept of a continuous spectrum of den-
dritic spine morphologies has gained increasing recognition.
Studies using in vitro and in vivo live microscopy suggest that
dendritic spine shapes exist along a continuum rather than dis-
crete morphological categories (Arellano et al. 2007, Bhatt et al.
2009, Loewenstein et al. 2011, Ofer et al. 2021, Ofer et al. 2022).
Several clustering methods and criteria for determining the opti-
mal number of clusters have been previously applied, and the
question of the most appropriate method remains open (Bokota
et al. 2016, Ghani et al. 2016, Luengo-Sanchez et al. 2018,
Pchitskaya and Bezprozvanny 2020, Pchitskaya et al. 2023).
Clustering is also used in research as an auxiliary tool for analyz-
ing morphological changes (Ferreira et al. 2024). In this study,
we evaluate clustering approach on dataset of control and AD
modeling dendritic spines. This approach aims to enhance sen-
sitivity in distinguishing between normal and pathological
spines, potentially providing more insightful results than tradi-
tional classification methods.

For the analysis of dendritic spine morphology, whether
through classification or clustering, it is essential to measure
their shape. Initially, shape descriptors were proposed as scalar
metrics (Bokota et al. 2016, Kashiwagi et al. 2019). The length of
the spine, volume, average head width of the spine, mean angle
between the axis of the spine and its vertices and other scalar
metrics only indirectly allow for an assessment of the spine’s ac-
tual shape, most of this descriptors being more indicative of
spine’s size. Thus, scalar descriptors may not capture the full
complexity of spine morphology, limiting the accuracy and reli-
ability of the analysis. Developing chord length distribution his-
togram metric (CLDH) was the first step in utilizing advanced
methods (Pchitskaya et al. 2023). CLDH showed more accurate
in clustering task morphology that has invariant to rotation. But
a possible limitation of CLDH is lacking local location-based spe-
cificity and the non-surjectivity of the representation, which
may lead to identical representations of different shapes.

In this study, we go further with usage of complex shape de-
scriptor and propose 3D dendritic spine shape encoding meth-
ods based on spherical harmonics (SphHarm) and Light Field

(LF), that provide a direct description of the spine’s shape. Both
approaches have shown strong performance in engineering shape
analysis. In biology, spherical harmonics have been applied to cell
shape dynamics (Medyukhina et al. 2020) and caudal brain region
morphology (Styner et al. 2006), while a Light Field component—
Zernike moments—improved mammogram tumor classification
(Tahmasbi et al. 2011, Sharma and Khanna 2015).

By comparing these novel 3D encoding methods for analyzing
dendritic spine morphology to classical features using clustering
approaches, we demonstrate their enhanced sensitivity to mor-
phological variability by separating control spines and spines
with the AD cell model across clusters. In addition to clustering,
we also examine their performance in the classification task,
which remains a relevant and widely adopted method in neuro-
scientific research. Moreover, the spherical harmonics descriptor
enables the reconstruction of realistic dendritic spine shapes
from vector data. We developed a technique for spine shape re-
construction and compared it with an existing method based on
ellipse approximation (Luengo-Sanchez et al. 2018), showing su-
perior results. This advancement makes it possible to model
spine shapes and generate synthetic datasets of dendrites and
dendritic spines with complex shape descriptors.

2 Materials and methods

2.1 Dataset preparation and analysis

The experimental pipeline is illustrated in Fig. 1 (Ustinova et al.
2024). All animal procedures were approved by the Bioethics
Committee of the Peter the Great St Petersburg Polytechnic
University at St Petersburg, Russia and followed the principles
of European convention (Strasbourg, 1986) and the Declaration
of International medical association about humane treatment of
animals (Helsinki, 1996). Primary hippocampal neuronal cul-
tures of dissociated hippocampal cells were prepared from new-
born Albino inbred mice (FVB/NJ), which were obtained from
the Jackson Laboratory (Jackson Laboratory, Bar Harbor, ME,
USA, strain #001800) and maintained in culture as described pre-
viously (Popugaeva et al. 2015). Briefly, primary hippocampal
neurons were transfected with the pLV-eGFP plasmid for visuali-
zation and cultivated in vitro for 16-17 days (control group). A
portion of these neurons was exposed to amyloid toxicity condi-
tions (Ag group) for 72 h prior to fixation to model low amyloid
synaptotoxicity, more detailed information is provided in
Supplementary Material 1, available as supplementary data at
Bioinformatics online. Proper description of confocal micros-
copy, image preprocessing, spines segmentation and analysis in
SpineTool (Pchitskaya et al. 2023) is also presented in
Supplementary Material 1, available as supplementary data at
Bioinformatics online.

2.2 Dendritic spines encoding with 3D
shape descriptors

2.2.1 Shape approximation with equation and its
accuracy estimation

Instead of using scalar values and statistical samples to charac-
terize the dendritic spines morphology, we propose using an
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Figure 1 Dendritic spines analysis pipeline using SpineTool software including biological data acquisition, imaging and image post-processing,
obtaining polygonal meshes of the dendrite and spines, metrics calculation, classification and clustering.

equation-based approach with orthogonal decomposition.
Within the context of 3D surfaces, we explore both the surface it-
self in its 3D representation and certain projections thereof,
which encapsulate a 2D perspective. Therefore, two approxima-
tion scenarios of the original morphology are used to analyze
the morphological features of the dendritic spines: 2D and 3D
approaches (for details see Section 1, available as supplemen-
tary data at Bioinformatics online).

2.2.2 Spine mesh encoding with spherical harmonics

The real-valued spherical harmonic is not invariant to rotation,
so to compare, objects must be oriented identically. To use har-
monics to encode and then compare spine morphology pairwise
within dataset, we algorithmically rotated each spine so that the
edges of the joint region were most parallel to the xz-axis plane
and the largest variance was aligned with the z-axis. The align-
ment with the xz-plane was achieved by minimizing the mean
angular deviation between the region’s normal vector and the y-
axis, while the direction of maximum variance was determined
using principal component analysis (PCA).

As the method involves decomposing a spherical function
into an orthonormal basis, it is essential to ensure that the
encoded object is represented in spherical coordinates, implying
that it must exhibit a star-shaped structure. If an object inter-
sects a ray emitted from the origin of the coordinate system
multiple times, ambiguity arises. Given that dendritic spines are
not inherently spherical surfaces, minimizing such ambiguities is
a key objective. In the proposed algorithm, this is achieved
through the optimal positioning of the object relative to the cen-
ter of the spherical coordinate system. To achieve this objective,
we introduce “internal center” of the object defined as the point
onto object skeleton that is closest point to the object’s center
of mass. The “internal center” point is then considered the cen-
ter of the spherical coordinate system, achieved through a coor-
dinate system transformation. Such an operation is performed
on each spine.

To describe spine mesh in spherical coordinates the tabular
function for set of uniformly picked coordinates is formed. A tab-
ular function maps a pair of spherical coordinates—azimuthal

and zenith angles—to a radius value, where a ray emitted from
the center in the direction defined by these angles intersects the
described surface. This tabular function serves as the basis for
approximating the surface using spherical harmonics. There are
various techniques to uniformly sample points on sphere. To
sample points we use Monte Carlo algorithm (Dimov et al. 2007).
Generally, the more sample points provide the more accurate
approximation, especially for complex-shaped objects with fine
details in local regions. But additional sample points increase
the required computational time.

Analytically, the decomposition coefficients are derived by
projecting the target spherical function onto the basis functions
Y (0, ¢) where [ is the degree (frequency level) and m is the or-
der of the spherical harmonic. The projecting is described
as following:

J” £(6, $)Y"(0, ¢)sin(0) dodd)

2
am = J
0 0

Numerically, this integral can be approximated by
a finite sum:
Ar m
Aim = E Z f(97 ¢)Y[ (97 ¢)a
(0.)€S

where (0, ¢) is chosen uniformly. So, decomposition coefficients
are obtained by evaluating this sum for each of basis functions
for choose polynomial degree L. The values of 9, ¢ and (9, ¢) is
obtained from a tabular function.

The encoding method parameters are the approximation de-
gree L and sample points number N. Both parameters are inte-
ger and greater than 1. To determine the optimal values, we
performed a grid search over a range of parameter combina-
tions. The parameters corresponding to the onset of both the
accuracy plateau and the convergence plateau were considered
optimal for our dataset. The detailed analysis of grid search
results is provided in Supplementary Material 1, available as
supplementary data at Bioinformatics online. Based on this
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analysis, the optimal values were found to be L =10 and N=140
(Fig. 1A, available as supplementary data at Bioinformatics
online).

2.2.3 Spine shape reconstruction from spherical
harmonics decomposition

Approximated mesh reconstruction is performed onto a set of
sampled spherical coordinates € and ¢. For mesh initialization,
an icosphere is used. After approximating the unit sphere by ico-
sphere with a sufficient number of subdivisions for convenient
visual assessment, each mesh vertex Vy,, is transformed to
match approximated surface. Here, p denotes the radial dis-
tance from the sphere center. The transformation replaces the
vertex coordinates such that the corresponding azimuthal and
zenith angles are assigned a radius value computed as the
weighted sum of the decomposition basis functions, where the
weights are given by the decomposition coefficients:

> a0 ¢>)
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The formed mesh is considered as approximation mesh and
could be used for approximation accuracy calculation and visual
comparison and evaluation.

2.2.4 Spine mesh encoding with light field descriptor

To represent 3D object with 2D descriptor spine orientation
technique described in spherical harmonics mesh preprocessing
is also used. Spine mesh then is circled with sphere and observa-
tion points on it was chosen: A (0, 0, 2r), B (0, /2, 2r), C (n/2, =/2,
2r), D (n/3, =/3, 2r) and E (z/3, 2x/3, 2r) where r is the maximum
radius of the spine vertices in spherical coordinates system. The
first three points correspond to the principal orthogonal projec-
tions of the object, which are widely used in engineering appli-
cations and provide an effective representation of the 3D
structure. The other two points were selected at different diago-
nal positions in the front quadrants of the sphere to enhance
the morphological description of the object. Additional observa-
tion points were tested in the experiments, but they did not
improve the approximation accuracy (Fig. 1, available as supple-
mentary data at Bioinformatics online).

For each observation point the mesh silhouette was calcu-
lated by projecting all facets onto the corresponding plane. As
a result, binary image encodes projection with 1 and back-
ground with 0 is formed for each observation point of spine. To
describe obtained projections with decomposition onto Zernike
moments, the silhouettes were inscribed into a unit disk. At this
stage, the silhouette is normalized by the unit-disk mapping, so
no further scaling is needed. Analytically, the decomposition
coefficients are derived by projecting the target polar function f
(r, ) onto the basis functions V,(r, 0). Here, n € N is the radial
order and m € Z is the azimuthal (angular) order of the Zernike
polynomial V,,,,. The projecting is described as:

1 27
a :J J F(r, 0)Vomn(r, 6)dOdr
0Jo

Numerically, this integral can be approximated by a fi-
nite sum:

amn:Z Z f(x,y)an(\/m,arctanG)),

xX2+y2<1

where (x, y) represents the pixel coordinates of projection im-
age. So the decomposition coefficients are obtained by evaluat-
ing this sum for each of the basis functions for the chosen
approximation order M. The proposed method can be parame-
trized by the number of observation points and the order of ap-
proximation. The optimal parameters were chosen using a grid
search technique. The detailed analysis of grid search results is
provided in Supplementary Material 1, available as supplemen-
tary data at Bioinformatics online. The optimal number of obser-
vation points was found to be 5, and the optimal approximation
order was 10 (Fig. 1B, available as supplementary data at
Bioinformatics online).

2.3 Classification, clustering, visualization,
and statistics

For the dataset metric distributions and Hausdorff distance dis-
tributions for ellipse and spherical harmonics approximations
statistical analysis was conducted with GraphPad Prism soft-
ware. ML classification approach was performed using SVM,
LightGBM and XGboost classification models trained on a data-
set manually labeled by 7 experts. Clustering was performed us-
ing k-means method. Clustering quality was evaluated using the
elbow and silhouette criteria, as well as separability statistics
between control and Ag groups, including the Agresti-Caffo and
two-sample chi-squared tests. Dimensionality reduction was
performed using UMAP, PCA, and t-SNE, which were also applied
for visualization of the morphological distributions. Details of
mentioned above methods, all packages and statistical tests are
described in Section 1, available as supplementary data at
Bioinformatics online.

3 Results

3.1 Spherical harmonics and light field as
a new 3D dendritic spine shape
descriptors

To achieve a more morphology-sensitive encoding of dendritic
spine shapes, a technique using 3D shape descriptors was devel-
oped. The first-time proposed descriptors are based on
Spherical Harmonics and on Light Field.

First proposed novel spine shape descriptor is based on the
decomposition of spherical harmonic—spherical mathematical
functions defined on the surface of a sphere. For spine shape de-
scription the mesh preprocessing algorithm was developed. To
compute morphology approximation, points on the spine sur-
face were sampled uniformly for each spine mesh (Fig. 2A). As a
result, each spine was encoded with a set of coefficients ai, and
weighed sum of spherical harmonics represents the approxi-
mated spherical surface (Fig. 2B). Correlation analysis showed
correlation values between the elements of the vector represen-
tation, which indicates that proposed descriptor is informative
and non-redundant.
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Figure 2 Spherical Harmonics and Light Field as 3D dendritic spine shapes descriptors. (A) Dendritic spine approximation procedure: the polygonal
mesh is enclosed by a bounding sphere, points are uniformly sampled on the sphere, and rays are cast from the center (C point) towards these
points (S point). The intersections of the rays with the polygonal mesh surface (I point) form a set of approximated points. (B) Sum of basis functions
of harmonics results dendritic spine approximation (spheres images are modified from https://doi.org/10.1155/2015/582870, which is distrubited
under the Creative Commons Attribution License). (C) Dendritic spine representation: five different viewpoints (marked with eye) are chosen to get
the projection of 3D mesh, five 2D binary images for approximation are extracted and spine projections approximations are reconstructed (beneath
images). (D) Sum of basis functions of Zernike moments results binary 3D image approximation (Zernike polynomials images are modified from
https://commons.wikimedia.org/wiki/File:Zernike_polynomials_with_read-blue_cmap.png, which is distributed under the Creative Commons
Attribution-Share Alike 4.0 International). (E) Example of approximation of different types of dendritic spine morphologies with SphHarm on the left

and spine projections for LF on the right.

The second shape descriptor we propose to use for dendritic
spines morphology analysis is Light Field based onto decompo-
sition on Zernike moments. The special spine mesh preprocess-
ing technique also was developed to use Zernike moments for
spines shape encoding (Fig. 2C). As a result, each spine was
encoded with five sets of decomposition coefficients ki. The sum
of coefficients within one set describes approximated 2D binary
image (Fig. 2D). Since the obtained decomposition coefficients
are complex numbers, two methods were used to obtain a real-
valued representation for further analysis in classification and
clustering tasks: extracting the real part of the number and com-
puting the modulus of the complex number. The best results
were achieved using the modulus, which was subsequently used
in the clustering task.

To compute the encoding of a spine using both proposed
descriptors, the spine was oriented in space to ensure compara-
bility of different shapes. The entire dataset was processed, and
the corresponding 3D shape metrics were obtained. To visually
assess the resulting feature space, methods for reconstructing
spine representations from their decomposition coefficients

were developed. Several representative spines of different
shapes, along with their approximated reconstructed represen-
tations, were selected and displayed in the figure (Fig. 2E).

As decomposition-based methods require mesh orientation
and scaling, they are invariant to mesh size. Therefore, in some
experiments, the scalar classical metric volume, which describes
spine size, was added to the feature space. Both classification
and clustering accuracy were compared with and without the in-
clusion of the volume metric. The optimal technique was then
selected for specific tasks and methods.

3.2 Dendritic spines reconstruction
method based on spherical harmonics

Proposed technique of spines surface reconstruction and modu-
lation on base of spherical harmonics decomposition was com-
pared with other method introduced early and relied onto set of
oriented ellipses (Luengo-Sanchez et al. 2018). Dataset, that we
used for decomposition methods comparison, consist of 550
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polygonal meshes of the spines and the spines were manually
classified onto four classes: mushroom, thin, stubby and filopo-
dia (dataset description is presented Section 2, available as sup-
plementary data at Bioinformatics online). We encoded 433
spines from the dataset with both spherical harmonics and ori-
ented ellipses decomposition algorithms, excluding spines for
which at least one of decomposition method was not possible,
as well as filopodia spines. Overall, for comparison were
encoded 213 of mushroom, 113 of stubby and 107 of thin spine
types. For each spine approximation accuracy using symmetric
Hausdorff distance were measured.

Statistical significance of distribution differences was obtained
for the class of mushroom spines (0.249 [0.190; 0.356] and 0.284
[0.209; 0.368], P=.041) and the combined dataset (0.218 [0.168;
0.300] and 0.238 [0.194; 0.304], P=.0013), where Hausdorff dis-
tance for Spherical Harmonics approximation is less than for el-
lipse approximation both (Fig. 3A). No statistical significance of
distribution differences was obtained for the stubby class (0.213+
0.00716 for spherical harmonics approximation, and 0.226 +
0.00496 for ellipse approximation, P=.123) and the thin class
(0.198 [0.151; 0.242] for spherical harmonics approximation, and
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0.212 [0.164; 0.272] for ellipse approximation, P=.745). To evalu-
ate the difference in approximation accuracy for each individual
spine, the difference between the Hausdorff distances of the
Spherical Harmonics-based and ellipses-based approximations
was computed. On average, spherical harmonics provide a more
accurate approximation across all spine groups, although a
greater number of outliers correspond to spines for which har-
monics yield a less precise approximation compared to ellipses
(Fig. 3B). Three representative spines were selected from both the
lower and upper outlier regions of the graph to visualize the
strengths and limitations of the proposed shape reconstruction
and modeling method (Fig. 3C).

3.3 3D descriptors are more sensitive for
clustering analysis of normal and
Alzheimer’s disease modeling dendritic
spines in vitro

The collected dataset consists of 550 spines polygonal meshes,
279 of them is control group, 271—Ap. Detailed dataset
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Figure 3 Comparative analysis of dendritic spine shape reconstruction methods. (A) Hausdorff distance distribution comparison of Spherical
Harmonics and ellipses approximation techniques within classes and all dataset. For the stubby class the distance is shown as mean+SEM (Welch’s t-
test). For mushroom, thin and all together spines Hausdorff distance is shown as median with interquartile range [Q1; Q3] (Mann-Whitney test). (B)
Distribution of the difference between the Hausdorff distance for Spherical Harmonics approximation and for ellipses approximation across
morphological classes. Whiskers are shown as minimal value to maximal, mean is shown as “+.” Negative values indicate dendritic spines types
where Spherical Harmonics provide a more accurate shape approximation. (C) Visual comparison of dendritic spine shape reconstruction by
spherical harmonics and ellipses approximations for different spine morphologies. The first three columns show spines where Spherical Harmonics
provide a more accurate approximation, while the last three columns show cases where ellipsoidal models achieve better accuracy.

**p < .01, *P < .05.
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description, scalar metrics and manual classification results distri-
bution comparison of control and Aj groups are explained and
visualized in Material 2, available as supplementary data at
Bioinformatics online and Fig. 2, available as supplementary data
at Bioinformatics online. Briefly, comparison of scalar metrics be-
tween the control and Aj groups indicates a reduction in spine vol-
ume, junction area in Ag group and differences in other 5 metrics.
Manual classification revealed that AB group has fewer of the
mushroom spine type, that are associated with the long-term
memory (Hayashi and Majewska 2005, Bourne and Harris 2007),
and more thin and filopodia types. For each class that were manu-
ally classified CLDH distributions and shape approximation using
proposed descriptors were processed (Fig. 3, available as supple-
mentary data at Bioinformatics online).

Furthermore, we applied supervised machine learning to clas-
sify the dataset using manually labeled spines and their descrip-
tor values across the four metric spaces: eleven scalar metrics,
CLDH values, SphHarm, and LF. As supervised classification
remains a widely used tool in studies of spine morphology and
plasticity, we also examined how well each descriptor family
supports this analysis. The accuracy of machine classification
indicates the separability of the metric space. For the dataset,
machine classification based on the SphHarm and LF demon-
strates that their respective spaces exhibit separability compa-
rable to the scalar metrics space and superior to the CLDH
values space (see Material 3, available as supplementary data at
Bioinformatics online and Table 1, available as supplementary
data at Bioinformatics online).

Spines were clustered based on the values of all four men-
tioned descriptors (set of 11 scalar metrics, CLDH, SphHarm and
LF) with k-means algorithm, for the SphHarm and LF metrics, re-
duced datasets were used for clustering since it was not possible
to calculate them for all polygonal meshes (531 and 527 spines,
respectively). For each descriptor clustering without dimen-
sional reduction and with reduction to three dimensions using
three methods [Principal Component Analysis (PCA), t-distrib-
uted Stochastic Neighbor Embedding (t-SNE) and Uniform
Manifold Approximation and Projection (UMAP)] was performed.
Optimal numbers of clusters were chosen by the elbow score

Table 1 Best performance of each descriptor in clustering.?

and silhouette both, metrics scores are collected in one graph
for each result (Figs 4 and 5, available as supplementary data at
Bioinformatics online). All clustering results and description of
them are presented in Material 4, available as supplementary
data at Bioinformatics online and Table 2, available as supple-
mentary data at Bioinformatics online. For each descriptor clus-
tering result were chosen in particular space according to best
performance (Table 1), meaning the best control and Af spines
group separability (using independence Agresti-Caffo test be-
tween clusters distribution in control/Af and chi-squared test
between control/Ag distribution in clusters). For CLDH descrip-
tor, PCA 3D and without dimensional reduction results are sta-
tistically identical, they both presented in Table 1. Same
method was used to choose the best clustering result in
SphHarm and LF descriptors clustering (which are presented on
Fig. 4, other clustering results using proposed descriptors are
presented on Figs S6 and S7, available as supplementary data at
Bioinformatics online). For clustering using scalar metrics—t-
SNE 3D reduction was selected, for SphHarm with volume—
UMAP 3D and for Light field modulus there was no dimensional
reduction before clustering (Fig. 4). For CLDH clustering with
two statistically identical best results, Fig. 4 presents PCA 3D re-
duction result. Thus, the best clustering results of each descrip-
tor are compared between them. Representative spines of each
clustering result was chosen to analyze morphologies specific-
ity. Different dimensionality reduction methods were found to
perform optimally for different shape descriptors in our dataset,
suggesting intrinsic structural differences between the descrip-
tors. To explore these effects, we analyzed several dimensional-
ity reduction techniques, and the results are provided in Section
4, available as supplementary data at Bioinformatics online.
Clusters distribution in control/Ag groups were compared be-
tween each other for all descriptors using independence Agresti-
Caffo test. For clustering using eleven scalar metrics out of 7
clusters, only 2 are significantly different distributed: the propor-
tion of spines in the first cluster increased from 5.73% in the
control group to 10.70% in Ap group of spines (P=.037), while
the proportion of spines in the third cluster decreased from
21.15% in the control group to 10.70% in A group (P=.0008).

Dimension Number of How many clusters What are P-values of Chi-square
clusters are statistically different Agresti-Caffo for P-value
(P-value of Agresti-Caffo this clusters
test > .05)
Classic, tSNE 7 2 0.0370; 0.000802 0.00390
Chord, PCA/no dim. reduction 7 1 0.0373/0.0206 0.282/0.201
SphHarm, PCA 5 3 0.0473; 0.00161; 0.0473 0.00262
SphHarm + Volume, UMAP 6 4 0.0311; 0.0203; 0.000915
0.00705; 0.00607
LF real values, PCA 6 3 0.0186; 0.0363; 0.0339 0.0114
LF real values + Volume, no dim. 4 3 0.0471; 0.000109
reduction 0.00704; 0.0000913
LF modulus, no dim. reduction 5 4 0.0432; 0.0446; 0.00000331
0.000116; 0.000811
LF modulus + Volume, UMAP 5 2 0.00647; 0.000147 0.000294

@ The best results for separability are highlighted in bold.
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For CLDH metric clustering only one cluster is predominantly
composed of such spines. For light field modulus 4 clusters out
of 5 are differently distributed: there are increasing from 2.58%
in the control group to 9.77% in Af group in the 2 cluster
(P=.0008), as well as in 5 cluster from 5.54% in the control
group to 16.02% in the Ag group (P=.0001). In the first and
fourth clusters, there is a decrease from the control group to the
Ap group: from 50.18% to 41.41% in the first cluster (P=.043)

and from 18.45% to 12.11% in the fourth cluster (P=.045). With
spherical harmonics and volume clustering there are 4 out of 6
clusters that have differences in distributions: they are increas-
ing from 12.13% in the control group to 20.85% in Af group in
the 5 cluster (P=.007), as well as in 6 cluster from 13.24% in the
control group to 20.85% in the Af group (P=.020). In the first
and third clusters there are decreasing from control group to Ag:
from 23.16% to 13.90% in the first cluster (P=.006) and from
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20.59% to 13.51% in the third (P=.031). Thus, for 3D descriptors,
separability in a greater number of clusters between control and
Ap was observed than for the previously proposed metric
spaces. We hypothesize that the better separation of normal
and pathological spines in the clusters indicates that the new
descriptors are more sensitive to spine shape alterations. This
heightened sensitivity is particularly useful for experimental
tasks aimed at assessing the impact of substances or stimuli on
dendritic spine morphology.

To validate the obtained results, clustering was also per-
formed on the control group alone. The results are presented in
Supplementary Material 4, available as supplementary data at
Bioinformatics online (Fig. 8, available as supplementary data at
Bioinformatics online and Table 3, available as supplementary
data at Bioinformatics online), and show that with probability
exceeding 90%, the separation of control/Af spine in clusters in
the main clustering performances is non-random.

Since reduced datasets were used for clustering with the new
descriptors compared to the set of scalar metrics and CLDH,
clustering based on scalar metrics and CLDH was also per-
formed on the reduced dataset used for the light field descriptor
clustering (527 spines). The results of the Agresti-Caffo and Chi-
square tests did not show differences from the results of these
tests of the clustering on the dataset of 550 spines (Table 4,
available as supplementary data at Bioinformatics online), which
indicates the validity of comparing the main results with
each other.

4 Discussion

In this study, we introduced novel methods for analyzing spine
morphology and demonstrated their enhanced effectiveness in
distinguishing between normal and Af spines in clustering
results, surpassing traditional classification methods. We used
various shape descriptors to characterize spine morphology, in-
cluding newly developed 3D methods that had not previously
been applied to dendritic spines. These methods showed signifi-
cant effectiveness in both classification and clustering tasks.
These findings highlight the potential of advanced morphologi-
cal analysis to provide deeper insights into the structural
changes associated with neurological conditions.

The novel spine shape descriptors developed in this study
possess an inherently complex structure, enabling a more pre-
cise encoding of morphological features. Usage of descriptor
provide us a technique of identifying the central most probable
morphology within spines grouping such as clustering and clas-
sification. Furthermore, SphHarm and LF in comparison with
existing methods of morphology analysis extend results exami-
nation with analysis of mean representation of group. Scalar
metrics could be visualized and evaluated with boxplots, a more
detailed and complex metric CLDH can be represented as an av-
eraged histogram. LF descriptor allows for the generation of an
averaged representation of the object’s 2D projections.

Finally, SphHarm metric enables the reconstruction of the full
averaged morphology, approximating it as a surface. This capabil-
ity allows for the incorporation of local morphological characteris-
tics and facilitates the reconstruction, modeling, and statistical
generation of dendritic spines as surfaces in spherical

coordinates, which can subsequently be converted into mesh rep-
resentations. The results of comparing the approximation poten-
tial of spherical harmonics with the only currently available shape
reconstruction method, method of approximation with ellipses
(Luengo-Sanchez et al. 2018), showed that, on average, spherical
harmonics achieves higher accuracy in surface approximation.
While the proposed method encounters challenges in approximat-
ing the shape of thin spines due to its intrinsic structure and the
limitations of spherical coordinate representation, it provides a
more precise reconstruction of local features, such as small inden-
tations in the spine’s head (Fig. 3) and preserves sufficient dis-
criminative power to identify thin spines as a distinct
morphological group. LF descriptor can, in principle, reconstruct
the original 3D shape from its approximated projections.
However, since it lacks an explicit procedure for mapping 2D pro-
jections back into 3D space, this process requires the develop-
ment of a dedicated reconstruction methodology to ensure
accurate and consistent recovery of the underlying geometry.

Although scalar metrics remain highly accurate for classifying
dendritic spines into mushroom, thin, and stubby types, the pro-
posed descriptor based on Spherical Harmonics demonstrates
comparable classification accuracy (Table 1, available as supple-
mentary data at Bioinformatics online).

Clustering approach seems to us neater tool since spine mor-
phology lately is considered as the continuum of shapes (Ofer
et al. 2022, Schiinemann et al. 2025). Previously, several studies
used clustering for spines morphology analysis. The research
(Pchitskaya and Bezprozvanny 2020) proposes the application
of cluster analysis methods to morphological descriptors to de-
rive an optimal partitioning of dendritic spines. Similarly, Gemin
et al. (2021) applies a continuum-based approach, where the
analysis of morphological feature distributions and the investi-
gation of synaptic plasticity are conducted by comparing distri-
butions of morphological characteristics among different
dendritic spine populations, rather than relying on the tradi-
tional classification into three or four historically established
groups. Studies investigating optimal clustering approaches for
dendritic spines based on morphological descriptors typically
identify 7 to 10 clusters, depending on the applied clustering
method (Bokota et al. 2016). A recent study examining dendritic
responses to olfactory learning further emphasized the advan-
tages of clustering over traditional classification in dendritic
spine analysis. In that study, the optimal number of clusters was
determined to be five, with clustering performed based on sca-
lar morphological features (Ferreira et al. 2024). Clustering was
used to group dendritic spines based on their head size, allow-
ing for the identification of natural patterns in size variations
and responses to stimulation (Henry et al. 2017).

Analysis of metric spaces that was formed by computing clas-
sical metrics of dendritic spines morphology and CLDH metric
proposed in SpineTool shows that there is separation of the con-
trol and Ag spines of the dataset we used. The most significant
classical scalar metrics differing between control and Ag spines
are open angle, junction area, length to volume ratio and length
to area ratio (P <.0001). The metric values indicate that den-
dritic spines in amyloid toxicity tend to have an elongated mor-
phology, characterized by a high length-to-volume ratio and a
low open-angle metric. Manual classification approach showed
us that the proportion of the filopodia spines, that are usually
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not functional and capable of transforming into other types of
spines (Berry and Nedivi 2017, Mao et al. 2018) is increasing in
neurons with in in vitro AD model. This is consistent with previ-
ous observations in the studied model of amyloid toxicity
(Popugaeva et al. 2015, Pchitskaya et al. 2017, Rakovskaya et al.
2025), but gives deeper insight in the spine shape changes.
Difference of average CLDH for Af type and control spines shows
that AS type spines have a greater probability to be shorter than
a third of their length while control spines are more inclined to
have multiple chords larger than half the length (Fig. 1B, avail-
able as supplementary data at Bioinformatics online).

Clustering the spines using new descriptors we see several
distinctive forms between control and Ag spines that are not re-
ally similar to traditionally used classes (Fig. 4). Elongated large
objects and large non-classical shaped objects form separate
clusters in Light Field modulus metric space—clusters 2 and 5
respectively. These clusters have significantly different propor-
tions spines groups, and Af is prevalent there. Meanwhile, more
spines of control group occurred in 1 and 4 clusters, where 1
cluster represents spines that are similar to mushroom subtype
(big head surface), and spines in 4 cluster are similar both to
thin and stubby subtypes. In combined feature space of
Spherical Harmonics and volume small spines are divided into
two clusters, cluster 5 and cluster 6, spines in sixth cluster have
similarities with stubby subtype, while 5 cluster’s spines look
more shortened. In these clusters, Ag spines are more prevalent.
Moreover, in this clustering control spines predominate in first
and third clusters, and spines in them have bigger size of the
head and overall. Such results are consistent with past asser-
tions, that during Alzheimer’s disease dendritic spines are
shrinked and eliminated in hippocampus (Boros et al. 2017) and
give more points to the assumption that dendritic spine degen-
eration and elimination passes through a stage of transforma-
tion into stubby subtype spines (Flores et al. 2025). K-means
clustering approach showed us that scalar metric clustering
may give more shape morphologies, than clustering in SphHarm
and LF spaces (7 clusters with set of scalar and CLDH and 5-6
with new descriptors), but less differences between control/Ag
groups distribution in clusters. In CLDH metric space a statistical
distinction between groups only in one cluster, which can be at-
tributed to the size-insensitivity and symmetry of the chord dis-
tribution regard to spine form. Thus, we hypothesize that the
better the separability of normal and pathological spines in clus-
ters, the more sensitive the proposed descriptor, and the more
accurately the effects of potential therapeutic agents can be
assessed. For this reason, the proposed descriptors can be used
to evaluate changes in dendritic spine morphology in preclinical
studies. They are supposed to be particularly useful for studying
dendritic spine changes in response to various physiological
situations where changes are subtler than in pathological condi-
tions. These descriptors can detect changes that are inaccessi-
ble with traditional classification methods and where direct
morphometric measurement of all spines cannot provide
insights into specific shape alterations.

As future direction of our work we define improvement of
spherical harmonics-based descriptor to encode non-spherical
function and resolve limits for thin spines description. We also
see the potential of spherical harmonics in generation of syn-
thetic datasets. These datasets could be used to improve

machine learning methods accuracy and enhance set of meth-
ods available in the field of spines analysis. Since clustering
analysis has demonstrated a higher accuracy in distinguishing
control and Af groups morphologies, we plan to continue analy-
sis of other clustering methods and other datasets from various
brain regions and species. As part of future work, we plan to sys-
tematically investigate how inaccuracies in shape description
propagate through the analysis pipeline and influence the out-
comes of morphological clustering and interpretation.
Considering the differences in the distribution of spine classes
among dendrites (Theobald et al. 2025), one of the research
directions could be the refinement of those findings using new
descriptors and cluster approach. The future direction is also to
expand the conclusions regarding the resulting morphological
groups by linking them to the spine function and the effect on
synaptic plasticity in various fundamental neuroscience re-
search. As novel methods were developed on the base of
SpineTool module, an additional direction of work will involve
integrating the methods into the software.
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