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DXplorer: A Unified Visualization Framework for
Interactive Dendritic Spine Analysis using 3D
Morphological Features
JunYoung Choi, Sang-Eun Lee, YeIn Lee, Eunji Cho, Sunghoe Chang, and Won-Ki Jeong
Abstract—Dendritic spines are dynamic, submicron-scale protrusions on neuronal dendrites that receive neuronal inputs.
Morphological changes in the dendritic spine often reflect alterations in physiological conditions and are indicators of various
neuropsychiatric conditions. However, owing to the highly dynamic and heterogeneous nature of spines, accurate measurement and
objective analysis of spine morphology are major challenges in neuroscience research. Most conventional approaches for analyzing
dendritic spines are based on two-dimensional (2D) images, which barely reflect the actual three-dimensional (3D) shapes. Although
some recent studies have attempted to analyze spines with various 3D-based features, it is still difficult to objectively categorize and
analyze spines based on 3D morphology. Here, we propose a unified visualization framework for an interactive 3D dendritic spine
analysis system, DXplorer, that displays 3D rendering of spines and plots the high-dimensional features extracted from the 3D mesh of
spines. With this system, users can perform the clustering of spines interactively and explore and analyze dendritic spines based on
high-dimensional features. We propose a series of high-dimensional morphological features extracted from a 3D mesh of dendritic
spines. In addition, an interactive machine learning classifier with visual exploration and user feedback using an interactive 3D mesh
grid view ensures a more precise classification based on the spine phenotype. A user study and two case studies were conducted to
quantitatively verify the performance and usability of the DXplorer. We demonstrate that the system performs the entire analytic
process effectively and provides high-quality, accurate, and objective analysis.
Index Terms—Biomedical and Medical Visualization, Machine Learning, Task and Requirements Analysis, User Interfaces,
Intelligence Analysis
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I NTRODUCTION

Dendritic spines are small, specialized protrusions that
emerge from the dendrites of neurons and receive input
from a synapse of another neuron (Fig. 1). A single neuron contains many dendritic spines of varying sizes and
shapes (e.g., thousands of spines on a pyramidal neuron).
Dendritic spines play a critical role in the formation of
neural circuits during development and synaptic plasticity.
Moreover, they serve as potential substrates for various
neuropsychiatric disorders, especially those characterized
by deficits in information processing [1]. The morphology
of the spine is a critical determinant of its function. Previous
studies have indicated that spines are highly motile and
undergo morphological changes over a wide spatiotemporal
range depending on neuronal development and synaptic
activity [2, 3]. Typically, the spine has a round-shaped head
(Fig. 1d) and a narrow neck (Fig. 1e) connecting the head
to the dendritic shaft [4, 5]. Based on the morphological
features of the head and neck, spines can be classified into
several phenotypes, such as mushroom, thin, and stubby [6,
7].
•
•
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Fig. 1. An example of dendritic spines shown in a 3D structured illumination microscope (SIM) image. (a), (b), and (c) are different types of
spine connected to the dendrite shaft. (d) is the head and (e) is the neck
part of the spine (c).

Many previous studies on spine morphology analysis
have provided insight into normal brain function and possible dysfunction related to various neuropsychiatric disorders. For example, Bourne et al. [8] suggested that thin
spines play an important role in learning, whereas mushroom spines are related to memory. Sun et al. [9] discovered
the existence of a signaling pathway involved in the longterm stabilization of the mushroom spine in healthy neurons. Penzes et al. [1] revealed a difference in the number
of spines between normal and abnormal neurons closely
related to autism spectrum disorders (ASD), schizophrenia,
and Alzheimer’s disease (AD). Although dendritic spines
have been researched extensively, we still have a limited
understanding of their roles in the brain. This is primarily
because existing methods rely on simple morphological fea-
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Fig. 2. Example of DXplorer ’s workflow and dendritic spine’s 3D mesh with morphological features. (a) Input 3D SIM image data. (b) Data
management interface for detecting spines from neuron images, generating 3D morphological data, and grouping for analysis. (c) Exploration
and phenotype classification interface using an interactive machine learning classifier. (d) Group comparison interface for analyzing morphological
differences between spine groups. (e) Representative spine of each phenotype classified using DXplorer.

tures and offline processing of phenotype classification using predefined morphological metrics without interaction.
Several recent studies, such as the work by Basu et al. [2] and
Kashiwagi et al. [10], partially addressed these limitations by
introducing more accurate three-dimensional (3D) morphological features and machine learning classifiers. However,
more advanced visualizations and user interactions could be
exploited to accurately and objectively analyze the various
shapes of spines.
The following observations motivated us to conduct this
study: existing tools commonly used in dendritic spine analysis, such as Imaris [11] and NeuronStudio [12], allow interactive spine classification that allows users to determine
the spine phenotype by observing its shape through 3D
rendering. However, their functions are limited to primitive
morphological features (such as length, size, and volume)
and do not fully utilize 3D morphology information and
advanced visualization techniques. In addition, there is no
single software tool that provides all the necessary functions
required for spine analysis. As a result, managing data flow
and parameters for heterogeneous software tools becomes
a bottleneck in the workflow, which impairs efficiency and
usability.
Based on these observations, we propose a unified visual analysis framework, DXplorer, for interactive dendritic
spine analysis (Fig. 2). The proposed system provides the
necessary functionalities to enable detailed qualitative and
quantitative dendritic spine analyses, including generation
of 3D spine surfaces, extraction and computation of highdimensional morphological features, spine classification using machine learning, and comparative visualization among
groups of different categories. We also propose a set of highdimensional morphological features that are an extension
of those proposed by Qiao et al. [13] and Kashwagi et
al. [10]. We demonstrate the effectiveness of DXplorer in the
classification of subtle cases, which cannot be resolved using
conventional features. We employed interactive machine

learning classifiers that allow users to provide feedback
through interactive data exploration and clustering, which
significantly improves classification accuracy. Finally, for
a more intuitive and effective navigation of various 3D
spine meshes, we propose a novel interactive 3D mesh grid
view that selectively visualizes the 3D mesh using the twodimensional (2D) grid layout while preserving the relative
locations of the projected features in the cluster view. This
visualization technique makes it easier for users to identify
common trends in spine clusters, enabling faster and more
effective spine exploration. We assessed the accuracy and
usability of the proposed system through a quantitative user
study and expert case studies. To the best of our knowledge,
this is the first integrated interactive visualization and data
exploration system specialized for dendritic spine analysis.
We have released the source code1 of the proposed system
to encourage its further development and utilization.
The remainder of this paper is organized as follows.
Section 2 reviews past literature related to our work, Section
3 analyzes the target user and required tasks for the morphology of dendritic spines, Section 4 introduces DXplorer,
a unified visual analysis system for the morphology of
dendritic spines, Section 5 evaluates the system with a user
study and case studies, Section 6 discusses the potential
and limitations of our system, and Section 7 concludes our
research.

2

BACKGROUND AND R ELATED W ORK

2.1

Dendritic spine analysis

Dendritic spines exhibit various forms of structural and
functional plasticity, as synaptic activity regulates spine
number and shape in the context of various physiological
conditions. Morphological changes in dendritic spines can
be induced by synaptic activity and serve as the structural
1. https://github.com/hvcl/SpineAnalysis_public
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TABLE 1
Comparison of DXplorer with conventional dendritic spine analysis software tools. Basic features include 2D image-based features such as neck
length, head width, and length and simple 3D image-based features such as the volume and diameter. Advanced features include various 3D
shape-based features that enable better representation of the 3D shape of the dendritic spine. Feature visualization is an information visualization
for analyzing the trends of extracted features and enable comparative analysis of multiple spines. Detailed qualitative and quantitative analyses
include real analysis tasks such as the analysis of spine morphology changes according to the data and trends in disease models within a given
system.
AutoSpine
[14]

Eblenkamp et al.
[15]

NeuronStudio
[16]

Imaris
[11]

3dSpAn
[2]

SpineJ
[17]

Microdynamix
[18]

DXplorer

Spine detection
Basic features
Advanced features
Phenotype classification
Machine learning-based
phenotype classification
3D visualization
Feature visualization
Detailed qualitative and
quantitative analyses

basis for the cellular mechanisms underlying learning and
memory formation. In addition, structural changes in the
spine are known as good indicators of various neuropsychiatric disorders, such as AD, intellectual disability, epilepsy,
ASD, and schizophrenia, which are characterized by abnormal development of neurons and changes in the number or shape of dendritic spines. Synaptic proteins related
to these neuropsychiatric disorders can affect the excitatory/inhibitory balance of synaptic transmission, affecting
the functioning of the entire nervous system. However, owing to the highly dynamic and unstable structures of spines,
accurate measurement and analysis of spine morphology is
a major challenge in neuroscience [2, 19].
Although many details of the relationship between spine
structures and synaptic functions remain unclear, it is evident that spine morphology can affect excitatory neurotransmission and is an important indicator of neuronal
development, plasticity, and disease. Hoffmann et al. [20]
performed 3D reconstructions of imaged dendritic spines
in vivo to analyze their morphological parameters. They
found that the spine head of AD model P301S Tau mice was
significantly enlarged, and that the spine length was slightly
greater than that in wild-type mice. Lee et al. [3] found that
neural Abelson-related gene-binding protein 2 (nArgBP2)
knockdown (KD) resulted in a dramatic decrease in the
proportion of mushroom spines and a concomitant increase
in long, thin, filopodia-like protrusions. They suggested that
nArgBP2, the synaptic protein implicated in several mood
disorders including intellectual disability, regulates spine
morphogenesis by controlling actin dynamics, and that its
ablation selectively inhibits excitatory synapse formation in
developing neurons.
2.2

Dendritic spine analysis tools

Although there are several existing software tools for dendritic spine analysis, they only provide partial functionalities in the workflow or their analysis ability is limited.
Table 1 provides a comparison of DXplorer with the existing
software tools. AutoSpine [14], the method developed by

Eblenkamp et al. [15], NeuronStudio [16], 3dSpAn [2], and
SpineJ [17] can detect dendritic spines in neuron images and
extract the morphological features of each spine. However,
their visualizations and analysis functions are limited, and
they are often used with other software to compensate for
this limitation. AutoSpine, NeuronStudio, Imaris [11] and
the method developed by Eblenkamp et al. provide spine
phenotype classification functions, but they are based on
a simple feature sets or require significant manual intervention. Microdynamix [18], which aligns images at different time points of a neuron, allows for intensive analysis and comparison of multiple images, and comparison
of morphology changes between related dendritic spines.
However, most tasks such as dendrite tracing, alignment,
and spine detection must be performed semi-automatically
or manually; furthermore, other analyses cannot be performed. This is because Microdynamix was developed for
the analysis of changes in dendritic spines at multiple time
points. The proposed system, DXplorer, aims to address the
limitations of these existing tools, allowing end-to-end data
processing and analysis in a single unified software system.
2.3

Dendritic spine phenotype classification

An ideal and mature spine contains a bulbous head connected to the dendrite shaft by a narrow neck. The widely
used classification divides dendritic spines into three categories, according to the relative sizes of the spine head
and neck [6]: mushroom spines with a large head and a
narrow neck (Fig. 1b), thin spines with a smaller head and a
narrow neck (Fig. 1c), and stubby spines lacking an obvious
demarcation between the head and neck (Fig. 1a). Filopodia,
which have hair-like structures, constitute an additional
category.
Previous studies have categorized groups of spine phenotypes based on different criteria [21, 22, 23]. For example,
Maiti et al. [21] classified dendritic spines according to their
length, maximum neck diameter, and maximum head diameter. The head diameter of the mushroom spine must be
greater than the maximum diameter of the neck. The stubby
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Fig. 3. Dendritic spine analysis workflow. Sample preparation and Image Acquisition: Images of the neuron are acquired from the 3D structured
illumination microscope. Spine Detection: Each dendritic spine is detected and seperated from the dendrite shaft. Feature extraction: Generate 3D
mesh and 10-dimensional morphological features for each detected spine. Interactive Analysis: spine morphology is analyzed interactively through
3D and 2D visualizations. After acquiring the image, the workflow can be executed in DXplorer.

spine has no distinguishable head, as the head diameter is
almost equal to the neck diameter, and its length is less
than 1 µm. The thin spine has a head diameter greater
than the maximum neck diameter and a length greater
than its diameter. The total length of the filopodium was
greater than 1 µm, with an indistinguishable head. Other
studies have reported computational methods for modeling
dynamic spine behaviors and for object structural classification of spines using 2D information. For example, Zhang et
al. [24] proposed a 2D tracing algorithm using a curvilinear
structure detector for dendrite analysis. Son et al. [25] introduced an automated spine analysis algorithm for 2D timelapse images. However, the 2D analysis apparently failed
to include information on dendritic spines extending in the
z-direction.
Several recent papers have introduced 3D morphological
features for a more sophisticated and accurate classification.
Basu et al. [2] proposed 3D morphological features (spine
length, neck length, neck width, and head width) to classify the four phenotypes. Kashiwagi et al. [10] introduced
five-dimensional 3D morphological features (spine length,
volume (V), convex hull ratio (CHR), coefficient of variation
in distance (CVD), and open angle (OA)) that could reflect
more complex shapes of spines. These features were used
to classify spines into mushroom and non-mushroom types
using principal component analysis (PCA) [26] and support
vector machines (SVMs) [27]. While the above-mentioned
five-dimensional features represent 3D shapes, they fail to
identify some spine types because they do not fully reflect
their unique characteristics, such as the neck and head.
Several commercial software tools are commonly used in
laboratories for dendritic spine analysis based on their morphological features. Imaris [11] used three basic morphological features, namely spine length, diameter, and V, for
spine classification. NeuronStudio [16] used the aspect ratio,
head-to-neck ratio, and spine head diameter to separate
different spine types. However, such existing systems use
a rather simple feature set, which makes the classification
less accurate. In addition, they use 2D features, which may
not represent the 3D shapes of the spines.

3

TASK A NALYSIS

The target users of our system are neuroscientists who
study the synaptic functions of neurons. We have been

collaborating with two neuroscientists for a year, and their
research goal was to discover the mechanism of nArgBP2
gene functionality by analyzing the morphology of dendritic
spines in neurons. After interviewing them, we identified
two main issues in the current research workflow. First, the
current analysis relies on primitive features of spines, such
as the number of spines and spine head size. Second, there
is no proper software system that provides all the necessary
functions that are readily available for analysis. The main
objective of our research is to build a software system that
resolves these issues.
The spine analysis process was divided into four steps,
as shown in Fig. 3. Based on this workflow, we derived
the tasks required to fulfill users’ needs and identified the
challenges in each task.
3.1

Image processing and spine detection

T1: Spine detection. The first step was to identify each spine
in a given dendrite image. This task includes improving
the quality of the input image (e.g., resolution adjustment
and denoising), separating spines from the dendrite, and
validating the results of spine detection.
Challenges: The input images suffer from anisotropy in
resolution; the x- and y- resolutions are much higher than
z-resolution, which may lead to errors in measuring the size
and shape of the spine. In addition, the images acquired by
3D structured illumination microscopy (3D-SIM) suffer from
structural noise caused by beam interference. The method
proposed by Kashiwagi et al. [10] and a multi-scale opening
algorithm (MSO) [2] have been introduced to reduce such
imaging artifacts and to extract the structure of interest from
noisy microscopy images. However, these methods require
significant manual intervention for optimal performance,
such as selecting seed locations and parameter settings.
3.2

Feature extraction

T2: 3D mesh and morphological feature generation. To
analyze the morphological structure of each detected spine,
various features representing the spine shape (e.g., surface
curvatures and size of structures) should be collected.
Challenges: In previous studies, relatively simple features
(e.g., V, length, neck length, and head width) were used [2,
11]; however, such features cannot sufficiently represent
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Fig. 4. The five-dimensional feature set (c) from Kashiwagi et al. [10]
cannot distinguish (a) and (b), but our new eleven-dimensional feature
set can separate them (c and d).

the highly heterogeneous and varying shape of a spine.
Recently, Kashiwagi et al. [10] introduced a 3D mesh-based
shape analysis that leverages 3D features (e.g., V, CHR, CVD,
OA, and estimated spine length (EL)) to better represent
the overall shape in 3D. The five features mentioned above
represent the shape of the 3D object, but they do not reflect
the unique characteristics of the spine, such as the size of
the neck and head. For example, Fig. 4a shows the stubby
type spine, and Fig. 4b shows the mushroom type spine.
However, there was no significant difference between the
five features in this example (Fig. 4c). For more accurate
spine analysis, it is necessary to construct a feature set
that better represents the characteristics of spine types than
simple shape features (Fig. 4d, a newly introduced feature
set clearly separating the subtle differences between Fig. 4a
and b).
3.3

Interactive analysis

Various analyses can be performed using the generated morphological features. There are several conventional analysis
tasks, such as detection of synaptic regions, classification
of the spine phenotype, analysis of the spine morphology
distribution in a neuron, and identification of morphological
differences between neurons [11, 28].
T3: Individual spine analysis. This task involves analyzing
the spine’s 3D shape precisely with the morphological features, and finding the synaptic region in each spine. Precise
observation of individual spine morphology is the basis for
all accurate analyses, in addition to allowing more accurate
detection of synaptic regions.
T4: Comparative analysis of multiple spines. The 3D
morphology of the spine is not fully known, and there is
no widely accepted 3D morphological standard for spine
phenotype classification. To gain a better understanding of
the 3D morphology of spines, the analysis workflow should
provide a more intuitive data processing and visualization
method to compare multiple spines and to identify differences or similarities between them. This task involves the
efficient handling of large-scale 2D and 3D data as well
as the effective visualization of multiple 3D spine meshes,
possibly through user interaction.
T5: Spine phenotype classification. Once the spine morphology is fully inspected, each spine is assigned to a proper
phenotype class. This task involves grouping or clustering
of spines using a machine-learning classifier trained using
morphological features. The accuracy of the classifier depends highly on the feature selection, classifier model, and
training strategy. For example, when training the classifier,

5

the accuracy can be improved by using an interactive approach, such as an "Expert in the loop [29]" method that
exploits experts’ knowledge.
T6: Analysis of morphological feature distributions. By
studying the distribution of morphological features in the
entire dataset, we can discover specific patterns or trends
that represent the data. For a specific dataset, such as
the data from a disease case (e.g., neuronal disorder), the
distribution of morphological features should look different
from that of a normal case. Such group-level statistics of
feature distribution will be used as building blocks for more
specialized comparative analyses.
T7: Analysis of differences between the groups. As the
spine morphology is highly dynamic, analyzing its changes
over time for a specific treatment (e.g., nArgBP2 KD neurons) and comparing them with those of control neurons
is essential for understanding the nature of spines. The
analysis workflow should allow for comparisons of the
differences between groups at different time points.
Challenges: Accurate phenotype classification is essential
for precise analysis, but it is challenging to achieve. Conventional automated classification methods contain many
errors, and manual classification for all spines is a timeconsuming task. Hence, there is a need for a highly accurate
method that can minimize user intervention. In addition,
there exists no easy-to-use, unified analysis framework that
provides all the necessary functionality needed to perform
the analysis tasks. For example, the conventional workflow
commonly used in neurobiological laboratories is built upon
a collection of general-purpose 2D images, 3D surface viewers and statistical computing software (such as R or Microsoft Excel). Managing data and user-defined parameters
across diverse pieces of software is a time-consuming and
laborious process, especially when the data are large and
multiple tasks need to be repeated. In addition, visually
comparing the statistics of multiple groups is difficult in the
conventional workflow.

4

DX PLORER

DXplorer is a unified visual analysis framework for the
interactive analysis of dendritic spines using 3D meshes and
high-dimensional features. The aim of the proposed system
is to provide a unified data processing and visualization
workflow for various spine analysis tasks, which will eventually provide insight into the correlation between neuronal
functions and the shape of the spine. Section 4.1 describes
the design decision of DXplorer based on the workflow and
task analysis discussed in Section 3, and Sections 4.2 to 4.5
describe its key functions in detail.
4.1

Design overview

The DXplorer is divided into three main parts. The first part
is the data management panel (Fig. 5a, b, and c), which
generates 3D morphological features of the spines from the
input image and manages them by data groups (T1, T2).
The second part is the visual exploration panel (Fig. 6, left),
which allows users to explore and cluster the spines and
classify spine phenotypes (T3, T4, T5). Finally, the group
comparison panel (Fig. 5e, f, and g) compares the differences
in spine morphology between the data groups (T6, T7).
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Fig. 5. Data management (a, b, and c) and group comparison (e, f, and g) panels. (a) Group list containing images. Users can load images
and manage them as groups. (b) Raw data visualization. Detected spine labels and the 3D raw image are blended and visualized with custom
transfer function. (c) Morphological data visualization. The generated 3D meshes and features are displayed. (d) The dataset generated from a
raw microscope image. (e) Phenotype distribution comparison. The phenotype classification result for each group is showed as a donut chart. (f)
Group feature comparison. The average morphological features for each group are displayed as a radar plot. (g) Morphology difference between
two groups. The user can compare the morphological features of the two groups explicitly with a bar chart.

Fig. 6. Interactive data exploration and classification. (a) Interactive 3D mesh grid view that displays the spine subset generated by filtering on the
PCP and range selection on the projection plot. (b) Summary graph showing the average features and phenotype similarity of the current subset.
(c) Parallel coordinate plot that allows users to check the features of each spine and create subsets through filtering. (d) Feature projection plot that
projects 11-dimensional features in 2D using several projection methods (PCA, tSNE, and UMAP). (e) Classification panel that can manage the
selected representative spine list and perform spine classification through the machine learning classifier. (f) Interactive phenotype classification
using machine learning.

4.1.1

Data management panel

The data management panel consists of three parts: data
loading (Fig. 5a), raw data visualization (Fig. 5b), and morphological data visualization (Fig. 5c). With this panel, users
can perform image processing, detect spines (T1), generate
morphological data (T2), and manage the generated data by
groups.
Data loading: First, the user can create a data group and
load a dataset into each group. By importing an image
stack, the user can generate morphological data from scratch
(Fig. 5d), or load a previously created dataset (Fig. 5a).
In addition, the user can analyze the spine morphology
distribution of multiple datasets by including them in a

group. The morphological differences between the groups
can also be analyzed.
3D visualization of raw data: Users would like to be able
to determine how well a spine is detected and compare it
with the raw image. Because of the complexity or noise of
the data, incorrect spines can often be detected. Therefore,
it is essential to have a function that allows the user to
proofread the spine detection. For intuitive and interactive proofreading, we reconstructed a 3D visualization of
the raw image stack through 3D direct volume rendering
(DVR) [30] and blended the label data of the detected spine
with its representative color (Fig. 5b). Here, the user can
verify how well the spines are detected by interacting with
the 3D visualization, which finds or focuses on a specific
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spine through 3D interaction such as rotation, zooming,
or panning. When the user directly loads raw microscope
images (Fig. 5d), image pre-processing (e.g., filtering, cropping, etc.), and rendering using a transfer function can be
applied. With this processed image, the user can create a
dataset containing raw images, detected spine label data,
3D meshes, and morphological features.
Morphological data visualization: To verify if morphological data are correctly generated, the 3D meshes and 11dimensional features generated from the detected spines
are visualized on the right side of the raw data visualization window (Fig. 5c). The 3D meshes are shown in the
grid layout, and features appear in the parallel coordinate
plot shown below. The details of the 3D mesh and 11dimensional features are discussed in Section 4.2.
4.1.2 Visual exploration panel
In the visual exploration panel (Fig. 6), users can interactively and visually explore numerous spines with
3D meshes and high-dimensional features. Tasks, such as
synaptic area analysis (T3) (Sec. 4.3), feature space exploration (T3, T4) (Fig. 6b-6d), comparative analysis of multiple
spines through interactive 3D mesh grid view (T4) (Fig. 6a),
and spine phenotype classification through interactive machine learning (T5) (Fig. 6e and 6f) can be performed.
Interactive 3D mesh grid view: First, there is a grid view
with multiple elements of the spine 3D mesh (Fig. 6a).
These meshes are selected by the user either in the feature
projection plot or in the parallel coordinate plot, and are
spatially ordered in a 2D grid layout based on the features. A
functional color bar representing the spine (i.e., representative
color) is located on the left side, and a scale bar representing
a 1 µm length is displayed on the right side of each element.
The user can intuitively match the 3D mesh and its related
features by hovering the mouse over the functional color
bar, which highlights the features of the corresponding
spine. By clicking the functional color bar, users can switch
to a detailed view that allows them to observe a single
spine in detail and detect synaptic areas using curvature
analysis. The representative color can be assigned randomly
(Fig. 6a), or based on the spine phenotype (Fig. 2c, green
for stubby, purple for mushroom) or data group. Each spine
mesh is interactively rendered in 3D with user interactions
(zooming, rotation, etc.). In addition, the surfaces of the
spine are rendered using a mean curvature color map,
making it easier to examine the local shape of the spine
in 3D. The details of the interactive 3D mesh grid view are
discussed in Section 4.4.
Summary graph: The mean value of the morphological
features of the currently clustered spine subset on the right
side of the grid view is shown in a radar plot with the
probability of each phenotype (Fig. 6b). In addition, in the
background of the radar plot, the mean feature shape of the
selected representative spines for each phenotype is drawn
with the color of each phenotype; therefore, it is possible to
visually check which phenotype it resembles. This summary
graph allows the user to understand the overall morphology
of spines in the current subset more intuitively without
reviewing every spine.
Parallel coordinate plot (PCP): Users can check the features of each spine explicitly using a PCP. By hovering over
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each line in the PCP, a user can focus on the corresponding
spine element in the grid view, which makes it easier to
match the 3D mesh and the corresponding features of the
selected spine.In the background of this plot, the feature
range of the user-selected representative spines (phenotype
flow) is drawn with the color of each phenotype; hence, it
is possible to interact while viewing the feature range of
the representative spines. In addition, spines in a specific
feature range can be selected interactively by filtering each
axis of the PCP. Then, the 3D mesh grid view is updated
in real time based on the selected spines. It is possible to
perform intuitive and precise comparisons by using both
juxtaposition visualization in the grid view, which can visually compare 3D shapes, and superposition visualization in
the PCP, which can be numerically compared in the feature
space.
Feature projection plot: To visualize 11-dimensional feature vectors, the proposed system provides several options
for dimensionality reduction (Fig. 6d), such as PCA [26], tSNE [31], and UMAP [32], which is helpful in preventing
misinterpretation of data as different projection methods
may reveal certain data characteristics that are otherwise
invisible. The projected location of each spine is used to
determine the locations of the elements in the grid view. In
the PCP, spines can be selected in the projection plot using
a range selection interaction method (Fig. 6).
Representative spine selection: The user can select several
representative spines for each phenotype, which can be used
as either a reference for data exploration (e.g., select other
spines within the feature range of representative spines) or
training data for a machine learning classifier. The user can
select spines in the grid view, PCP, or projection plot. The selected spines are added to each phenotype list (Fig. 6e). With
these selected representative spine features, the average feature and the classification probability of each phenotype are
displayed in the summary graph, and phenotype flows are
drawn in the PCP. The machine learning classifier is trained
using the selected representative spines, and the phenotype
of every spine in the entire dataset is determined. The user
can iteratively update (i.e., refine) the representative spine
list by adding new spines to or removing the selected spines
from the list based on the classification results (Fig. 6f). More
details regarding the phenotype classification process are
discussed in Section 4.5.
4.1.3

Group comparison panel

In the group comparison panel (Fig. 5e, f, and g), users
can analyze the morphology distribution of each group (T6)
as well as the morphological differences between groups
(T7). As the spine phenotype is an important indicator in
neuronal analysis, it is necessary to analyze the proportion
of the phenotype in the data group. When the phenotype
is determined for spines in the visual exploration panel, the
proportion of the phenotype in each data group is visualized
as a donut chart (Fig. 5e). In addition, by placing donut
charts for several groups in a single layout, it is also possible
to analyze the morphological differences between groups.
To analyze the morphological distribution of data more
closely, it is necessary to analyze the distribution of morphological features as well as their phenotype distribution using
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Fig. 7. Left: The five features introduced by Kashiwagi et al. [10]. Right:
The additional six features newly proposed in this paper (hMin, hMax,
nMin, nMax, HNR (=hMax/nMax), and SA) representing the spine’s 3D
characteristics better.

the donut charts. To this end, the average of the morphological features of each data group is visualized as a radar chart
(Fig. 5f), which allows users to intuitively compare differences in morphology between different groups. For a more
precise comparison (i.e., explicit value comparison rather
than implicit shape comparison in the radial plot), a bar
chart is also provided (Fig. 5g). The three visualizations in
this panel allow for an intuitive and accurate comparison of
the morphology distribution between different data groups.
4.2

3D mesh and high-dimensional features generation

3D meshes and their high-dimensional features are generated from the raw input image stack through a series of
data processing steps, such as image pre-processing, spine
detection, mesh generation, and feature computation.
Spine detection and 3D mesh generation: The proposed
detection algorithm was developed as an improvement
on the method developed by Kashiwagi et al. [10]. The
input 3D SIM image is interpolated along the z-direction
to reduce the anisotropic resolution of the data. Then, the
object of interest (dendrite with spines) is extracted using
the geodesic active contour method applied to the binarized
image using Otsu’s thresholding method. Using an ellipsefitting scheme, each individual spine is separated from the
main dendrite. The final triangular meshes are generated
by the marching cube [33] method for each detected spine
segment, and the surface is smoothed using a curvatureflow smoothing algorithm [34].
Morphological Feature Generation: We propose a new 11dimensional morphological feature set for more precise and
effective analysis. The new feature set consists of the five
features previously introduced by Kashiwagi et al. [10] (V,
CHR, CVD, OA, and L), and five additional features such as
minimum head diameter (hMin), maximum head diameter
(hMax), minimum neck diameter (nMin), maximum neck
diameter (nMax), and ratio of head to neck = hMax / nMax
(HNR), which better represents the 3D shape of the spine
(Fig. 7). Three anchor points, i.e., Central base point, Centroid,
and Tip, are automatically extracted from the triangular
mesh representing the spine. Central base point is the center
of the bottom area connected to the main dendrite, and
Centroid is the average location of all the vertices in the
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Fig. 8. Synaptic area analysis based on curvature. (a) The selection on a
mesh by projecting a ray from the location of the mouse. (b) Generating
a negative curvature region using connected component analysis. (c)
Visualization of the synaptic region.

mesh. The vertex farthest from Central base point is Tip. The
orientation of the spine is then set as the spine direction
from Central base point to Centroid. The vertices are divided
into steps of a certain height along the orientation of the
spine from Central base point to Tip, and L is measured as
the length of the curve connecting the center of the local
vertices in each step. hMin and hMax are measured as the
minimum and maximum diameters of the thickest part
between Centroid and Tip. nMin and nMax are measured
as the minimum and maximum diameters of the thinnest
part between Central base point and Centroid. In addition,
the synaptic area (SA) is another new feature that can be
interactively detected by the user during data exploration.
Figure 4 shows that the new feature set is effective in
distinguishing subtle morphological differences that were
not clearly distinguished using the five-dimensional feature
set of Kashiwagi et al..
4.3

Synaptic area analysis

The spine is a postsynaptic structure in the neuron; therefore, identifying the synaptic region (i.e., the concave part
of the head [10]) in the spine is crucial for understanding
the structure of the neuron. However, as its characteristics
are still largely unknown, an expert’s judgment is required
to correctly identify the synaptic region. To support this, we
provide a visualization-guided region segmentation method
to extract the synaptic region interactively as follows. When
the user moves the mouse to a part considered to be a
synaptic region in the 3D mesh detail view, the negative
curvature region is detected and visualized using the connected component analysis based on the location of the
mouse (Fig. 8). When the examined region is confirmed as
a synaptic region, the user can finalize the selection and
use it as the SA feature. This approach allows users to
generate new feature information in real time through visual
feedback and user interaction.
4.4

Exploration of multiple spines using a 3D mesh grid

One of our key design goals is to effectively navigate and
compare many spines. To achieve this, we developed a
new visualization strategy, the interactive 3D mesh grid
view (Fig. 9), which is similar to the strategies proposed
by Gleicher [35]. This visualization strategy consists of
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and displayed as a grid view. From this grid view, the user
can overview the trend of a phenotype (stubby type to
thin type, from top to bottom). In addition, if we use this
approach and the summary graph (radial plot), the change
along the axis of each feature can be compared (L and CVD
are increased and OA is decreased from top to bottom).
The proposed 2D grid visualization scheme is useful and
effective for finding classification criteria or representative
spines, especially when many objects need to be analyzed
together.
4.5 Interactive phenotype classification using machine
learning

Fig. 9. Interactive 3D mesh grid view. (a) Subset selection by user
interaction. (b) Mapping the projected position into the grid layout. (c)
Grid view display for 3D meshes and related summary graphs.

Fig. 10. Example of the grid view mapping. Left: 2D BSP tree on the
feature projection plot to map spines into the 2D grid layout. Right: Grid
view of the selected spines by the mapping. Note that similar spines are
located nearby in the grid view.

three elements: subset selection, mapping based on highdimensional feature projection, and 3D mesh display as a
grid view.
In the visual exploration panel, the user can create a
subset of spines by clustering the spines with the PCP and
the filtering function of the feature projection plot. Similar
spines are located proximally in the feature projection plot;
therefore, if we map this position correctly in the grid view,
the relative ordering between spines is preserved and the
overall trends can be visualized. To do this, we constructed a
2D binary space partition (BSP) tree in the feature projection
plot by dividing the space in half along the x- and y-axes
alternatively until each leaf node contains only a single
spine (Fig. 10, right). Then, each leaf node of this 2D BSP
tree is mapped to the grid layout (Fig. 10, left).
This approach makes it easy to analyze large amounts
of data intuitively while showing overall data trends. For
example, a subset with a small V and HNR is created
with the PCP’s filtering function (spines with a small size
and no distinct head), as shown in Fig. 9. Then, the 3D
meshes of the spines in this subset are ordered based on
the location of the 2D scatter plot with the UMAP projection

To allow fast and accurate phenotype classification while
effectively utilizing expert knowledge, we introduce an
interactive phenotype classification. This method consists
of three steps: 1) representative spine selection, where an
expert selects representative spines for each phenotype
based on interactive exploration such as subset selection,
focusing, etc.; 2) classification of entire spines with a machine learning classifier trained with selected spines; and
3) obtaining visual feedback from the classification result
on the visual exploration panel. Here, the user can find the
uncertain spines or outliers that should be included in the
representative spines on the feature projection plot or the
3D mesh grid view. These steps form a classification cycle
through the user refinement of the representative spines
based on visual feedback. As the cycle is repeated, a more
robust morphological standard for each phenotype can be
generated, and the phenotype classification result becomes
closer to the user’s expertise. In other words, the user can
achieve results similar to manual classification with less
effort.
The machine learning classifier is trained using the highdimensional features of the selected spines, and the trained
classifier calculates the per-spine probability of how likely
the spine belongs to the given group, which also represents the similarity of the given spine to the representative
spine of the group. We used a random forest classifier to
minimize overfitting caused by the small training data size
(i.e., user-selected spines) and to enable interactive training
and deployment. We used a total of 30 decision trees and
split the data using three features in each node of the tree.
The random forest classifier is pre-trained using ten preselected representative spines for each phenotype. During
the interactive classification process, the user can add additional representative spines to improve the accuracy of the
classifier.
4.6

System implementation

DXplorer was developed using the C++ and Qt libraries [36].
3D rendering of the neuron image and 3D mesh were
implemented using OpenGL and GLSL. Image processing,
spine detection, 3D mesh generation, and high-dimensional
feature generation codes were implemented using MATLAB, and dimension reduction and classification codes were
implemented using Python. These computation codes were
connected to the main DXplorer system as modules. We used
Python’s Scikit-learn library [37] for PCA, T-SNE, and the
random forest classifier, and Python’s UMAP library [32]
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was used for UMAP. The input raw data used in the current system are image stacks in TIFF format [38] obtained
through 3D SIM, and the created dataset is stored on the
disk and can be reloaded later.

5

E VALUATION

A quantitative user study was conducted by seven neuroscientists (N1-N7, neuroscience students, and researchers with
prior experience in spine analysis) to verify the performance
of interactive phenotype classification. In addition, two case
studies were conducted by two neuroscientists (N8 and N9,
spine analysis experts who are co-authors of this paper) to
assess the usability of the proposed system in real use cases.
5.1

User study: Phenotype classification

In spine analysis, phenotype classification (T5) is a basic
and important task. We conducted a quantitative user study
to assess the accuracy and speed of interactive phenotype
classification. In this study, we compared the phenotype
classification performance of NeuronStudio and our system
because NeuronStudio has been widely used for spine phenotype classification until recently [12, 39, 40].
Task and procedure: Before starting the actual experiment,
the study participants were allowed to run our system for 20
min to familiarize themselves with it. The participants were
asked to classify the phenotype of 59 spines in four dendrite
images using the two systems. Other preliminary tasks (e.g.,
spine detection and morphological feature creation) were
performed in advance so that the participants could focus
only on phenotype classification and evaluate the performance more accurately (i.e., preventing the external effects
from data preparation). The participants were allowed to
use each system until satisfactory results were achieved.
Subsequently, the performance was measured based on the
execution time and classification accuracy. The execution
time includes the user time and computing time (e.g., data
loading and calculation). With regard to the calculation
accuracy, two experts (N7 and N8) inspected each spine
using 3D visualization and manually determined the phenotype in advance for the ground-truth solution, which was
compared with the participants’ classification results. To
avoid ambiguous cases as much as possible, we used the
spines that two experts had classified. After the experiment,
the participants answered a questionnaire to evaluate the
usability of both systems.
Result: The average phenotype classification accuracy with
NeuronStudio was 55%, and that with DXplorer was 72%
(Fig. 11, left). The paired t-test verified that DXplorer was significantly more accurate than NeuronStudio (p = 0.00003).
In addition, the average execution time to produce satisfactory results was 17.6 min for NeuronStudio and 8.7 min
for DXplorer (Fig. 11, right). A paired t-test also verified
that DXplorer was significantly faster than NeuronStudio
(p = 0.0001). These results demonstrate that our phenotype classification method is more accurate and faster for
obtaining the desired results. We believe this is due to
the 3D observation of the spine with high-dimensional
morphological features (note that NeuronStudio uses only
the 2D projection of spines and simple features). We also

Fig. 11. Comparison of phenotype classification accuracy (left) and time
(right). DXplorer yields a more accurate classification performance with
less user time.

believe that DXplore’s intuitive UI for the simultaneous
exploration of 3D meshes and morphological features in a
single window contributes to a shorter execution time.
5.2

Case studies

We designed case studies based on pair analytics [41] to capture the reasoning processes more clearly. During the case
studies, a visualization expert and two neuroscientists (N8N9) analyzed and discussed the data as a team. We departed
from the original pair analytics by having the neuroscientist
directly operate the tool in most cases. Furthermore, the
visualization expert assisted when the neuroscientist had
questions regarding the tool or if there were better ways to
perform the task. This approach captures the tool’s capabilities and limitations while assessing its usability.
5.2.1 Case 1: Selecting representative spines for each phenotype
In this case study, we conducted a phenotype classification
based on 3D shapes through data exploration. Two neuroscientists (N8-N9) explored the data through DXplorer to select
the representative spine for each phenotype, and the machine learning classifier was trained with the representative
spines.
3D morphological data generation: The first step was
generating 3D morphological data for data exploration and
phenotype classification (T1, T2). For this, we created a
group in the group list on the data management panel and
loaded the 3D SIM neuron image into the group (Fig. 5a).
The imported image appeared as a 2D image in the raw
data visualization part (Fig. 5b). In this study, we selected
and cropped the desired areas. In addition, the transfer
function was adjusted to remove noise and improve the
neuronal signal by adjusting the brightness, contrast, and
inflection point (MidPos). Subsequently, we generated a 3D
mesh from the image stack and morphological features from
the generated 3D mesh, which was performed automatically and took 8-10 min for 31 spines. N7 mentioned that
“previously, it was difficult to perform mesh generation, noise
removal, and feature extraction manually using multiple tools, but
it has become easy to perform all tasks on this system. However,
there is a limitation in that there is a lot of waiting time after
pressing the generate button." After this was completed, the
2D view of the raw data visualization part was converted
to a 3D volume rendering view where the image and the
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detected spine label were blended (Fig. 5b). The experts
wanted to observe how accurately each spine was extracted,
which was easily accomplished with blended rendering.
In addition, the generated meshes and features were displayed in the morphological data visualization part (Fig. 5c).
Here, meshes containing errors could be excluded from the
analysis (e.g., noise detected as a spine or meshes created
incorrectly). The users noticed that when they hovered the
mouse over a specific spine, its mesh, features, and labels
were simultaneously highlighted. This function made it
easy to check the raw image, generated mesh, and features
of the spine simultaneously. By repeating this process, we
generated 46 spines from the two images.
Visual exploration: We switched to the visual exploration
panel tab and started analyzing the spines. First, the experts
created a projected 2D plot by selecting a projection method
from PCA, tSNE, or UMAP in the feature projection plot
(Fig. 6d). The experts tried all three projection methods
and looked at the aligned spine meshes of the grid view
before selecting their preferred a projection method. Both
experts preferred the tSNE method, and for that reason, the
phenotype was best separated along each axis. The experts
reviewed the spine mesh briefly in the grid view and clicked
the color bar of the spine to switch to a detailed view.
Here, the experts checked the shape and features together
while rotating the spine mesh, and the synaptic area was
interactively detected by pointing to a prospective area
(T3). N7 mentioned that “it is great to be able to check the
features at the same time while manipulating the 3D mesh," and
“interactively detecting the synaptic area is a useful functionality
for various analysis tasks." However, N8 pointed out that in
a special case multiple synaptic areas may exist on a single
spine, and suggested multiple selections. N8 also mentioned
the inefficiency of manual selection for many spines, and
suggested an automated synaptic region recommendation
method.
Phenotype classification: We started observing the spine
mesh in the grid view to find the representative spine (T4).
First, to find a mushroom-shaped spine, spines with an HNR
greater than two were selected in a parallel coordinate plot
to generate a spine subset (Fig. 6c). This subset was sorted
and displayed based on a projection plot from the grid
view. Here, the experts examined each spine using a mouse
to detect a mushroom-shaped spine. To add representative
spines to the mushroom spine list, we changed the working
group in the classification panel to "mushroom" and added
spines to the mushroom spine list. To further find the stubby
and thin representative spines, this process was repeated
with a new subset by selecting spines with an HNR of less
than two in the PCP. In addition, the spines that did not
belong to any phenotype were included in the irregular
spine list, and then the classification button was pressed to
classify the entire spine (T5). In the first classification cycle,
the experts selected only several spines for each phenotype.
To confirm the classification result, the representative color
was changed based on the phenotype. In the grid view,
the color bar on the left of each spine 3D mesh was set
according to the phenotype, and the mushroom spines were
mainly located on the right, thin spines were mainly at
the top, and stubby spines were mainly at the bottom. By
identifying this trend, experts could easily identify misclas-
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Fig. 12. Results of the case studies. (a) Representative spines selected
by N8. Purple, orange, green, and yellow colors represent mushroom,
thin, stubby and irregular types, respectively. (b) Morphology difference
between nArgBP2 KD pre- and post-group.

sified spines. Misclassified spines were added to the correct phenotype list, and classification was performed again.
This classification cycle was repeated until optimal results
were obtained. N7 performed three cycles and selected six
irregular spines, six mushroom spines, two stubby spines,
and four thin spines. N8 performed four cycles and selected
two irregular spines, three mushroom spines, four stubby
spines, and three thin spines (Fig. 12a). Since two experts
interactively added spines to the training set while checking
the classification results of the machine learning classifier,
different training sets can be selected in the end. However,
the classification model converges similarly to the optimal
state. Therefore, the interobserver variability that occurred
at this time did not significantly affect the analysis.
5.2.2 Case 2: Analysis of spine morphological changes by
chemical long-term potentiation (cLTP)
The spine has a dynamic structure. Because morphological
changes reflect alterations in physiological conditions, the
analysis of morphological changes in the spine is one of the
most important tasks. In this case study, our aim was to analyze the morphological changes of the spine in the images
before and after cLTP induction in the nArgBP2 KD neurons.
The two experts analyzed the morphological changes with
DXplorer to address the following question: “How would the
nArgBP2 KD neuron differ from normal neurons?"
nArgBP2 KD dataset: nArgBP2 controls the balance between cell adhesion and motility in the spine by adjusting the signaling pathway that regulates its skeletal structure [3]. In a normal neuron, when long-term potentiation
(LTP) is initiated, the head portion of the spine grows.
This was confirmed by the induction of LTP through cLTP.
However, after nArgBP2 KD occurs, the head portion does
not grow even after cLTP treatment, which compromises
signal transmission. The dataset used in this case study
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Fig. 13. Scalability test according to the number of spines. (a) Frame rate and memory consumption along with data size. Difference of a
representation of 3D mesh grid views according to the number of spines, (b) 59 spines, (c) 120 spines, and (d) 300 spines. (c) is a subset
generated from (d) through the spine exploration functions of DXplorer.

comprised a pair of images taken before and after cLTP
processing of the neurons of a nArgBP2 KD mouse brain.
3D morphological data generation: The experts created
two groups in the data management panel to compare the
images before and after cLTP processing. The images before
cLTP processing were loaded in the first group and the images after cLTP processing were loaded in the second group.
3D meshes and features of the images were generated.
Phenotype classification: The phenotypes of newly added
spines were also classified using the representative spine set
constructed in case study 1. If the experts perceived that the
existing representative spine set did not fit the new data,
they could modify the representative spine set. N7 added
three spines to the irregular list.
Morphology comparison: After completing the phenotype
classification, the experts moved to the group comparison
panel and began morphological analysis for each group
(T6, T7). First, only the nArgBP2 KD pre- and post-groups
were activated with the group on/off function. Next, the
difference in phenotype distribution between the pre- and
post-group was confirmed through a donut chart (Fig. 5d),
which showed the phenotype distribution by group. In the
pre-group, the proportion of mushroom-type spines was
55.56%, and in the post-group, it was reduced to 38.89%.
Finally, a bar chart, in which the experts set the first group
as the pre-group and the second group as the post-group,

was plotted to clearly show the morphological difference
between the two groups (Fig. 12b). The bar chart showed
that V increased by 41.3%, hMin by 8.5%, hMax by 28.4%,
nMin by 33.7%, nMax by 34.3%, and HNR decreased by
7.8%. Based on these results, the experts noted that “it
is known that the spine head is increased in control neurons.
However, in this nArgBP2 KD dataset, the head (hMax, hMin)
does not increase significantly. Thus, it appears that the HNR and
mushroom-type spine numbers are reduced. Since the number of
spines used for the analysis was small, more images should be used
for accurate analysis, but it seems to be a considerably meaningful
result."
5.3

Scalability test

DXplorer makes it possible to observe a trend by displaying
multiple spines in the interactive 3D mesh grid view, and
to easily create a desired subset by allowing interaction
with multiple 2D plots. Therefore, scalability according to
the number of spines is an essential factor for performance
assessment. We measured memory consumption and rendering speed (frame rate) according to the number of spines.
The experiment was performed on an Intel i7-6700 CPU,
64GB RAM, RTX 2080ti graphics card, and Microsoft Windows 10 OS.
First, a dataset comprising an image with 30 spines was
loaded several times, and the performances of the program
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from the first program startup to the 300 spines were loaded
was measured (Fig. 13a blue line). In addition, the performances of the program with different datasets, i.e., the
actual data used in the user study and the data used in case
studies 1 and 2, was also measured (red, green, and purple
marks in Fig. 13a, respectively). The dataset for the user
study contained 59 spines in four dendrite images (Fig. 13b),
case study 1 contained 46 spines in two dendrite images,
and case study 2 contained 50 spines in eight images.
Memory consumption was measured as the total CPU
memory (Fig. 13a orange solid line) and GPU memory
(Fig. 13a orange dotted line) allocated to the program after each dataset was loaded. Each dataset included raw
images, label images, meshes, and morphological features.
The graph in Fig. 13a shows that CPU and GPU memory
consumption linearly increases as the data size increased.
For the rendering speed, the average FPS was measured for 10 min. During the measurement, all 3D meshes
were continuously rotated around the y-axis. The graph in
Fig. 13a shows that the FPS decreased as the number of 3D
meshes increased. As the number of meshes exceeded 90,
the rendering size of each 3D mesh decreased (Fig. 13d),
and thus, the decreasing rate of the FPS was reduced.
If the number of 3D meshes exceeds 120, the reasonable
interaction reaction speed (less than 100 ms [42]) may not be
satisfied and usability may be degraded, but the generation
of subsets through DXplorer’s interaction can supplement
this. The frame rate measured after creating 40, 80, and 120
spine subsets through interaction among the 300 spines are
shown in Fig. 13a as blue marks.

6

D ISCUSSION

Tackenberg et al. [7] reported that the phenotype of a spine is
closely related to the strength of synaptic transmission and
is associated with neurological diseases such as AD. The
high-accuracy classification of the spine phenotype achieved
with our system can have a significant impact in these
areas. In addition, if we can precisely track changes in
the phenotype distribution of the spines in specific neural
areas, we can predict the putative trajectory of dendritic
spine pathology and obtain the prognosis of patients with
neurological diseases. One neuroscientist mentioned the
synaptic area feature that “interactively detects a synaptic
area and its use as a simple indicator for synaptic size can
make synaptic-related analysis much easier and further provide
information previously unattainable." With these advantages,
our unified visual analysis framework, which can execute all
analysis workflows in a single system, makes spine analysis
more effective and powerful. Our system uses 3D meshes
and 11-dimensional 3D morphological features for studying
dendritic spines, but we believe it can be easily extended to
other studies by employing different surface representations
and morphological features.
Limitations: Neuroscientists have also noted that our system has certain limitations. First, compared to the previous
semi-manual segmentation method [2] (approximately 20
m for 31 spines), our method showed a faster execution
time (approximately 8 m for 31 spines). However, it still
degrades usability owing to the non-interactive time. This
can be improved by using a GPU. Second, in our system,
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Fig. 14. Limitation of interactive 3D mesh grid view ordering based on
feature projection plot. The two spines marked with green and pink
colors have similar features (located closely in the feature projection
plot), but they are located three spaces apart in the grid view.

3D interactions, such as verifying spine detection through
3D visualization of raw images or observing the spine
morphology by manipulating the 3D mesh of the spine
are often required. However, these 3D interactions can be
difficult for some non-visualization experts to perform. We
plan to develop a semi-automated approach to reduce user
interactions while inspecting spine shapes (e.g., using a
recommendation system). Finally, our system is currently
tested only on 3D SIM data. Testing on other image modalities, such as confocal and fluorescence microscopy, would be
helpful in expanding the target user group of the proposed
system.
One technical limitation is that two spines that closely
located on the feature projection plot can be located farther
away in the interactive 3D mesh grid view. In the right
plot of Fig. 14, the green and red points are closely located.
However, in the grid view ordered through this projection,
the two spines of the corresponding points highlighted with
green and red colors are located three spaces apart. This
problem occurs because two nearby spines may fall into
different nodes in the BSP tree when applying the similarity
of the feature projection plot to the grid view. Even if such
a problem occurs, the topology of similarity is maintained
in the grid view; thus, there was no such case affecting the
analysis in the dataset we tested. To minimize this problem,
one possible future research direction would be to directly
learn the similarity of each cell of the grid through methods
such as self-organizing maps [43].

7

C ONCLUSION AND FUTURE WORK

In this study, we introduced a unified visualization system,
DXplorer, for interactive dendritic spine analysis. The proposed system is an "All-in-One" package that provides all
the necessary image processing and data analysis functionalities, from raw input image processing to spine phenotype classification. By leveraging novel high-dimensional
3D morphological features and online training of a classifier
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through the interactive selection of representative spines,
DXplorer can accurately classify spine phenotypes in a short
time. In addition, various analysis tasks can be performed
effectively based on the features and phenotypes.
In the future, we plan to develop a guided analysis
system based on advanced machine learning to reduce
user interactions. Making the system applicable to other
microscopy imaging modalities and analysis tasks is another
future research direction.
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