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Distortion-aware Brushing for Reliable Cluster
Analysis in Multidimensional Projections

Hyeon Jeon, Michaël Aupetit, Soohyun Lee, Kwon Ko,
Youngtaek Kim, Ghulam Jilani Quadri, and Jinwook Seo

Abstract—Brushing is a common interaction technique in 2D scatterplots, allowing users to select clustered points within a
continuous, enclosed region for further analysis or filtering. However, applying conventional brushing to 2D representations of
multidimensional (MD) data, i.e., Multidimensional Projections (MDPs), can lead to unreliable cluster analysis due to MDP-induced
distortions that inaccurately represent the cluster structure of the original MD data. To alleviate this problem, we introduce a novel
brushing technique for MDPs called Distortion-aware brushing. As users perform brushing, Distortion-aware brushing correct
distortions around the currently brushed points by dynamically relocating points in the projection, pulling data points close to the
brushed points in MD space while pushing distant ones apart. This dynamic adjustment helps users brush MD clusters more
accurately, leading to more reliable cluster analysis. Our user studies with 24 participants show that Distortion-aware brushing
significantly outperforms previous brushing techniques for MDPs in accurately separating clusters in the MD space and remains robust
against distortions. We further demonstrate the effectiveness of our technique through two use cases: (1) conducting cluster analysis
of geospatial data and (2) interactively labeling MD clusters.

Index Terms—Multidimensional Projections, Distortion-aware Brushing, Brushing, Distortions, Visual Clustering, Cluster Analysis
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1 INTRODUCTION

B RUSHING is a process of selecting data points within a
continuous region in the 2D space via direct manipulation

such as dragging, clicking, or lassoing [1]. This interaction tech-
nique allows users to focus on the selected points by labeling
or highlighting them [2], [3]. Since its initial introduction [4],
brushing has become a common interaction method in visual
analytics. One important use of brushing is the identification and
analysis of clusters within multidimensional (MD) data through
multidimensional 2D projections (MDPs) [5], [6], [7], [8], [9],
[10], [11]. MDPs are often created through dimensionality reduc-
tion algorithms, e.g., t-SNE [12], or by mapping two attributes
onto the x and y axes (i.e., orthogonal projections).

However, visual analytics of MD data by applying conven-
tional brushing techniques on MDPs can easily be unreliable,
i.e., insights gained from the analyses may not accurately reflect
the underlying data. Conventional 2D brushing methods typically
struggle to detect clusters in the original MD space because
MDPs distort the original data [13], [14], [15], [11] (Fig. 1a).
For instance, data close in the MD space can be split apart in
the 2D layout, forming missing neighbors (MN), while nearby
points in the layout can come from remote regions in the MD
data space, generating false neighbors (FN). These distortions can
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stem from various factors, such as complex structure and high
dimensionality [16], inappropriate hyperparameter selection, and
inappropriate design of DR technique [17], [18] or quality metrics
[19]. As a result, conventional brushing techniques might capture
2D clusters that are less cohesive or incomplete when mapped
back to their original MD context.

To address this issue, several MDP brushing techniques [20],
[21], [22], [6] have been proposed, yet they still face challenges
with MDP distortions. These techniques generally work by first
brushing a specific 2D region and automatically mapping this
selection to an MD region. This workflow makes the final MD
brushing vulnerable to distortions as it depends on a continuous
2D region that is subject to these distortions (Fig. 1a). These tech-
niques may further constrain data analysis by using fixed shapes
for the brushed regions, such as circles and hyperspheres [6], or
rectangles and hypercubes [21], [22], which cannot effectively
capture clusters with non-trivial shapes in real-world datasets.

We propose Distortion-aware brushing, a novel brushing tech-
nique designed to overcome these issues, enabling users to more
accurately identify MD clusters from their 2D projections com-
pared to existing techniques. Our approach addresses distortions
in MDPs by persistently drawing points close in the MD space
towards the brushed points and repelling those that are farther
apart (Fig. 1b). This relocation ensures that 2D brushes accurately
mirror the composition of MD clusters in 2D space. Therefore,
our technique ensures a more reliable cluster analysis of MD data
even in cases where MDPs suffer from severe distortions.

Through quantitative studies with 24 participants, we demon-
strate that Distortion-aware brushing can accurately brush MD
clusters despite distortions, surpassing previous brushing tech-
niques for MDPs. We also showcase how Distortion-aware brush-
ing can be leveraged to support cluster analysis and the interactive
labeling of noisy datasets. We conclude the paper by discussing
the benefits and limitations of Distortion-aware brushing.
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Fig. 1. Comparison between existing brushing techniques (Sect. 2.3) and Distortion-aware brushing in identifying clusters within multidimensional
(MD) data through its 2D projection. (a) Previous brushing techniques work by defining a continuous 2D region via direct manipulation (e.g.,
lassoing). As projections may not accurately reflect original MD data distribution due to distortions, users cannot precisely identify MD clusters.. (b)
Distortion-aware brushing supports users to precisely extract MD clusters by resolving distortions based on point relocation.

2 BACKGROUND AND RELATED WORK

Our work is relevant to three areas: MDP distortions, interactive
point relocation, and brushing techniques for MDPs.

2.1 Distortions in Multidimensional Projections

MDPs aim to represent MD data in 2D space while preserving
the original characteristics of the given data. For example, di-
mensionality reduction techniques are used to generate MDPs,
providing a visual density-based summary of the data distribution
and patterns [11]. However, MDP distortions [13] can interfere
with users’ ability to analyze clusters or detect outliers in MD
data [23], [24], resulting in unreliable visual analytics [25], [26].

MN (Missing Neighbors) and FN (False Neighbors) [14], [15]
are typical MDP distortions that affect the 2D representation of
MD data patterns [11] (Fig. 1a). Quantitative metrics such as
Trustworthiness and Continuity (T&C) [27] are commonly used
in practice [28], [29] to measure and visualize the amount of MN
and FN distortions. MDP can be enriched to visualize the amount
and type of the distortions [11] by coloring points [30] or a region
around them using heatmaps [30], Voronoi cells [14], [31], or
using a network overlay [30]. Although these approaches help
explore MDP distortions and reliably analyze the structure of MD
data, they are only visual indicators that can inform the brushing
process but do not feature brushing actions.

2.2 Interactive Points Relocation

Interactive point relocation is widely adopted to explore the
underlying structure of MD data. Dust-and-Magnet [32] and iPCA
[33] allow interactive steering of the MDP layout based on
the attribute values. Another approach is to visualize MD data
as snippet images and allow users to arrange MDPs by visual
similarity between the snippets [34], [35]. Yet another technique
[36] proposes brushing a cluster of points detected within one
MDP layout, freezing it in position, and then visualizing the
remaining data in the same layout using another MDP technique.
However, these approaches focus on finding interesting visual
cluster patterns under the MDP constraints rather than preventing
distortions; thus, they can be used to identify interesting insights
from MD data but cannot guarantee reliable cluster analysis.

Meanwhile, some previous works aimed to resolve errors
locally through relocation. For example, Probing Projections [37]
transiently relocates points based on their MD similarity with
a user-selected point so that it removes entire MN and FN

distortions, but only for the selected point. Proxilens [38] focuses
on true MD neighbors of the selected point by pushing FN to
the border of a 2D magic lens centered on that point while
highlighting MN with proximity coloring [13]. In contrast, instead
of transiently resolving distortions around a single point, our
technique maintains the correction of distortions related to a set of
points, generating a persistent visual pattern (Fig. 1b) that enables
the accurate identification and analysis of MD clusters.

2.3 Brushing Multidimensional Data
We review brushing techniques for MD data and categorize them
into two groups: axis-guided brushing and data-guided brushing.
The former works on scatterplot matrices (SPLOMs), aiming to
explore how brushed points in one orthogonal projection are dis-
tributed across other attribute spaces. The latter works on a single
MDP, where the system automatically infers the corresponding
MD region based on the 2D brushed region.

2.3.1 Axis-Guided Brushing in SPLOMs
The early works on brushing MD data are designed to brush along
the axes. In PRIM-9 [4], brushing is done by adjusting the range of
the 2D rectangular brush region along two axes of an orthogonal
projection. Becker et al. [2], [3] applied the same strategy to
SPLOMs consisting of multiple linked orthogonal projections.
However, these techniques allow for the brushing of at most two
axes, making it challenging to explore MD structures that span
more dimensions. To resolve this problem, Ward proposed N-
dimensional brushing as a feature of XmdvTool [21], allowing
users to define multiple 2D brushes within different projections
of a SPLOM. A later version of XmdvTool [22] enables users to
apply logical operators (e.g., AND, XOR) between multiple MD
brushed regions for more flexibility.

As these SPLOM-based techniques are designed for exploring
MD data patterns across different data attribute pairs, they are
ineffective for identifying MD clusters with non-linear relation-
ships between data attributes (see Appendix I). Moreover, these
techniques inherently rely on multiple 2D orthogonal projections,
each subject to FN distortions. Furthermore, SPLOM uses O(M2)
scatterplots for representing M-dimensional data, making brushing
hardly practical when M is large. Parallel coordinate plots (PCP)
[39] provide an alternative axis-based representation of MD data
denser than SPLOM, for which advanced techniques for brushing
have been proposed [40], [41]. However, PCP shatters the MD
clusters into M-linked 1D projections (axes), each generating more
FN distortions than 2D projections.
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2.3.2 Data-Guided Brushing in MDPs
Data-guided approaches are proposed to identify MD clusters
from MDPs. These techniques follow a typical workflow: (1)
users determine the 2D region through interaction (e.g., painting);
(2) a machine automatically constructs the MD region based on
the user-defined 2D region; (3) the brushed points are defined
as a union or intersection of the set of points within MD and
2D regions. Data-driven brushing [22] allows users to define a
2D region by generating a box that encloses certain areas in the
projection, which then generates an MD region as a minimum-size
M-cube enclosing all the data corresponding to the painted points.
In M-ball brushing [6], users can capture MD clusters by defining
a circular 2D region; the system then automatically formulates an
M-ball MD region covering the corresponding data in the MD
space. Both approaches bound the MD region to convex shapes,
making it hard to discover non-trivial (i.e., any-shaped) clusters.
Similarity brushing [20] escapes from the problem by allowing
users to paint a visual cluster as the 2D region, and defining the
MD region as the area covered by the union of M-balls centered
on the MD data corresponding to the 2D painted points.

However, all these MD brushing techniques are vulnerable
to MDP distortions. If the 2D brushed region contains FN, the
painted data might belong to more than one cluster in the MD
space. Moreover, an MD cluster can be split in the projection
due to MN, so users will have to brush each of these 2D clusters
separately, or even worse, will ignore them if points are spread
apart, not forming clear 2D clusters.

Distortion-aware brushing is a data-guided technique that
resolves these issues through continuous point relocation. Instead
of keeping continuous 2D and MD regions, we only consider
the brushed data points. MN and FN are resolved by pulling
them close to or pushing them apart from the currently brushed
2D points, respectively. In contrast to other techniques, point
relocation always generates 2D visual clusters that match MD
ones, faithfully representing users’ mental model. The method thus
works more reliably for the interactive MD cluster analysis.

3 DESIGN OBJECTIVES

Our design objectives tackle the drawbacks of previous brushing
techniques for MD data ( O1 O2 O3 ) while maintaining their
strengths ( O4 ) (Sect. 2.3.2).

O1 Guide brushing by visually reflecting MD clusters
Previous data-guided brushing techniques work by converting a
2D brushed region into an MD region. However, the inconceivabil-
ity of the MD space makes it difficult for users to understand this
conversion, thus lowering the interpretability and controllability
of these techniques. Instead, Distortion-aware brushing performs
the conversion in the opposite direction: 2D points are relocated
to form a visual cluster that reflects an MD cluster.

O2 Allow brushing to be robust against any MDP distortions
Previous brushing approaches lead to unreliable cluster analysis as
they rely on a compact 2D projection region, which is vulnerable
to MDP distortions. In contrast, Distortion-aware brushing contin-
uously relocates points to ensure that 2D neighbors are always
true MD neighbors and the MD cluster under focus is not split in
the projection, making the technique work robustly regardless of
the type and the amount of distortions.

O3 Allow the brushing of non-trivial-shaped MD clusters
In previous brushing techniques [22], [6], [21], the MD region’s
shape enclosing brushed points is limited to regular compact
domains (hyperspheres or hypercubes). This limitation makes the
techniques hardly support the discovery of clusters with non-trivial
shapes typical of real-world MD data. For example, fitting such
a fixed-shaped brush to a non-trivial-shaped cluster can capture
out-of-cluster points. On the other hand, reducing the brush size
to avoid capturing out-of-cluster points may result in missing
in-cluster ones, lowering the clustering accuracy. In contrast,
Distortion-aware brushing manages a discrete set of brushed
points instead of compact 2D and MD regions. This enables users
to gradually append new points to the 2D brush corresponding to
true MD neighbors of the already brushed points, facilitating the
discovery of clusters with arbitrary non-trivial shapes.

O4 Minimize the number of hand-tuned hyperparameters
Previous brushing techniques have at most one hyperparameter
that affects brushing results, making them easy to use and learn.
Similarly, we design Distortion-aware brushing to have a single
hyperparameter that affects the granularity of the brushed clusters
and make its value automatically optimized.

4 DISTORTION-AWARE BRUSHING

Distortion-aware brushing relocates points within and around the
current brushed points in the projection by faithfully reflecting the
data distribution around the brushed points in the MD space ( O1
O2 ). The set of brushed points grows progressively to form a

visual cluster that accurately reflects the MD cluster ( O3 ). By
doing so, Distortion-aware brushing enables users to conduct a
more reliable detailed analysis of MD clusters.

In this section, we first describe the design of Distortion-
aware brushing following the overall workflow of the technique
(Sect. 4.1). We then describe additional features of the technique
developed for its practical usage in visual analytics (Sect. 4.2). We
describe our technical details in Appendix H.

4.1 Workflow
Distortion-aware brushing follows a four-step workflow (Fig. 2):
Step 1 : Users inspect how the MD data distribution matches the

2D visual clusters to decide the best places to initiate brushing.
Step 2 : Users inspect local MN and FN distortions around these

candidate places by hovering the painter over the points.
Step 3 : A pause of mouse move initiates a transient relocation

of the points, correcting the local distortions.
Step 4 : Users execute brushing by dragging the painter while

the mouse button is pressed, progressively capturing the covered
points. Lens construction and point relocation are performed
iteratively based on the current 2D location of brushed points and
the MD distribution in their vicinity.

Step 1 Inspecting global distortions
For reliable MD cluster analysis, brushing shall ideally initiate at a
place close to the core of an actual MD cluster. To support the task,
we encode each point as a snippet representing the corresponding
MD datum (Fig. 1). For example, each point in image datasets
can be represented as an image snippet. Also, points in tabular
datasets can be represented using glyphs [42], e.g., aster plots [43].
By visualizing snippets, users can spot 2D visual clusters (high
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(a) User inspects 2D visual clusters
that matches MD clusters
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STEP 1 Global distortion inspection STEP 2 Local distortion inspection STEP 3 Initial point relocation
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Outer boundary 
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User holds the mouse button

User releases the mouse button

User presses the mouse button

Inner
boundary

Missing Neighbors

False Neighbors

Fig. 2. Overall workflow of Distortion-aware brushing (4.1). The technique features a lens with inner and outer boundaries depicted as bold blue
and red closed lines, respectively. Users’ actions are explained with blue text and arrows, while the machine’s actions are detailed in orange. Data
points are represented as small circles, i.e., dots, where seed and brushed points are highlighted using thick dotted and solid borders. Seed and
brushed points are also highlighted in blue color. The opacity of data points depicts MD density in Step 1 and represents MD closeness to the
seed or brushed points in the following steps.

mutual proximity) matching with MD clusters (high similarity
between snippets) ( O1 O2 ), recognizing these locations as
good candidates for initiating brushing.

We further aid this step by encoding the MD density of the data
in the MD space through the opacity of the corresponding points or
snippets (Fig. 2 (a)). Based on density encoding, users can check
the trustworthiness of a 2D visual cluster by comparing whether
the 2D density, represented by proximity between points, matches
MD density. A visual cluster with higher 2D and MND density
than other visual clusters can be considered a good candidate. The
best location to start the brushing is the high-density central part
of the 2D visual cluster, which corresponds to the core region of
the MD cluster. Other cases showing a density mismatch reflect
MDP distortions and should be avoided. More comprehensive
distortion visualizations could be used (e.g., visualizing FN and
MN distortions [14], [28]), but we preferred visualizing the density
to make users easily learn the technique.

MD density. We define the MD density of a point p as dens(p)
= ∑q∈P simk(p,q), following Density-peak clustering [44], [45],
where simk(p,q) represents the similarity between points p and
q, and P denotes the entire set of points in the data.

MD similarity measure. We use the Shared-Nearest Neigh-
bors (SNN) similarity [46], which assigns higher similarity to
the pairs of points sharing more k-Nearest Neighbors (kNN).
Formally, the SNN similarity between p and q is defined as
simk(p,q) = ∑(m,n)∈Sp,q(k + 1−m) · (k + 1− n); Sp,q represents
a set containing pairs (m,n) fulfilling pm = qn where pi denotes
an i-th nearest neighbor of p and qi denotes an i-th nearest
neighbor of q. We select SNN as this metric is shift-invariant [17],
making it alleviate the curse of dimensionality [17], [47] and thus
better represents the cluster structure of MD spaces compared to
other metrics (e.g., kNN, Euclidean distance) [46], [45], [28]. We
fix k as the square root of the number of points, following the
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Fig. 3. Illustration on how Distortion-aware brushing relocates points in Step 3 and Step 4 . The machine first examines the MD closeness of
unbrushed points to the brushed points (or seed points in Step 3 ) (3-a), then relocates those points in the projection to reflect that MD closeness.

recommendation by Chaudhuri and Dasgupta [48].

Step 2 Inspecting local distortions

In this step, users can “skim” local distortion of the projection by
moving the painter over the points (Fig. 2 (b)). This is done by
(1) finding seed points within a painter, then (2) visualizing the
MD closeness of any point to the seed points [13]. Compared
to Step 1 , this step provides a more stringent inspection of
local distortions that can help users locate the best candidate for
initiating brushing.

The detailed procedure is as follows. First, the machine de-
termines the seed points as condensed points the painter covers.
This is done by identifying the covered point with the highest
MD density and only using its close neighbors as seed points (see
Finding seed points below). It is important to avoid using every
point covered by the painter as seed points because they may
consist of points coming from two or more distinct MD clusters
due to FN; if this happens, new points brushed from these distinct
MD clusters will erroneously agglomerate into a single visual
cluster ( O1 O2 ). The seed points are then highlighted with
a color corresponding to the current brush.

Then, the remaining points’ MD closeness to the seed points
is encoded as their opacity (i.e., closer points are darker). This
graphical encoding informs users’ brushing decisions by indi-
cating more reliable locations to start brushing ( O1 ). Users
can identify FN in the projection as points with bright or non-
highlighted markers near the seed points and MN as points with
dark markers far from the seed points.

Finding seed points. Constructing a set of seed points starts
by identifying the initial seed point pinitial with the highest MD
density among the subset of points C covered by the painter:
pinitial = argmaxp∈C dens(p). Then, a set of seed points is defined
as the κ nearest neighbors (κNN) of pinitial based on SNN
similarity in the MD space, where the machine automatically sets
κ as the maximum value such that all κNN are still covered by
the painter ( O4 ). Users can adjust the size of the painter and
so κ , to make MD brushing more condensed or relaxed. By this
definition, the seed points and the initial brush cannot contain FN.

MD closeness. A closeness between a point p and a set of points
C is: closeκ(p,C) = ∑q∈(κNN∩C) simk(q, p)/∑q∈κNN simk(q, p).
The more κNN of p are members of the cluster C, the closer
p is to C. Moreover, by definition, the seed points of the initial

brush have the maximum closeness. We do not naively average
the similarity of p to the points within C because this will make
the closeness depend on cluster characteristics like density or size.

Step 3 Initiating point relocation

Though global ( Step 1 ) and local distortion ( Step 2 ) in-
spections support users in finding a good candidate region, the
points nearby likely suffer from MDP distortions, not accurately
reflecting the local MD data distribution. We thus provide a point
relocation process that corrects the distortions relative to the
current brush (initially, the seed points covered by the painter)
(Fig. 2 (c-d)). Inspired by the Proxilens approach [38], users
can trigger transient point relocation by halting the painter for
a short time, which is determined as 800ms in our implementation
through an iterative design process. Correcting for local distortions
can be viewed as “jumping” into the MD space, as it makes the
2D distribution around the painter and the currently brushed points
better reflect the local MD data distribution. Users can reverse the
current point relocation (jumping back to the 2D space) by moving
the painter again.

To perform relocation, the system first constructs a magic lens
around seed points in the projection (Fig. 2 (c)). The lens consists
of (1) a core area delimited by an inner boundary that tightly
encloses seed points and (2) an annulus lens area around the
core, enclosed between the inner boundary and an outer boundary
(Fig. 3, blue and red solid circular boundaries, respectively).

Afterward, point relocation is performed according to the
lenses so that points distribution around seed points in the projec-
tion can reflect the distribution around the seed points in the MD
space( O1 ) (Fig. 2 (d)). The relocation of a point thus depends
on its MD closeness to the seed points (Fig. 3). If the closeness
is 1, the point is considered as MD True Neighbors, which means
that the point belongs to the core MD cluster formed by the seed
points. If the closeness is 0, the point is categorized with MD
Non-Neighbors, denoting that it is far apart from the seed points
in the MD space. If the value is between 0 and 1, the point is
considered to be Uncertain, forming a “fuzzy” neighborhood in
the MD space. While the machine relocates MD True Neighbors
(i.e MNs) into the inner boundary, MD Non-Neighbors (i.e. FNs)
are repelled from the lens area outside the outer boundary, and
Uncertain points are relocated within the lens area, close to the
inner boundary, in proportion to their MD closeness to the core
MD cluster. Points are relocated to the correct position with an
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animated transition. Relocation corrects MDP distortions, making
points in the inner lens correspond to True Neighbors, as FNs are
repelled from the lens and MNs attracted within the lens ( O1 ).

It is worth noting that the Uncertain points and their interpo-
lated relocation are a crucial part of Distortion-aware brushing,
as it is up to users to decide whether a point will be brushed or
not. The Uncertain points falling into the outer lens are natural
candidates for brushing; they are also geometrically the next ones
that can be captured by the painter ( O1 O2 ) (see Dynamical
update in Step 4 ).

Initial lens construction. The initial inner and outer lens bound-
aries are defined as circular boundaries centered on the painter.
We set τ as both the inner boundary’s radius and the radius
of the painter. By doing so, the painter covers both seed points
and MD True Neighbors, forcing them to be brushed when users
execute brushing ( Step 4 ). We also define the radius of the
outer boundary as 3τ , setting the lens area’s width as the painter’s
diameter (i.e., 2τ). We justify this decision while describing how
we construct the outer lens boundary in Step 4 (Outer boundary
construction).

Step 4 Executing brushing

Once the transient relocation is settled, users can initiate brushing
by pressing the mouse button (Fig. 2 (e)). The machine appends
the points covered by the painter (which naturally contains seed
points) to the brushed set of points. The brushed points are
highlighted with the color corresponding to the brush. Then, the
machine updates the lens and relocates the remaining points based
on the new set of brushed points (Fig. 2 (f)). If users drag the
painter while keeping the mouse button pressed (Fig. 2 (g)), the
brushed points, the painter, and the lens are updated accordingly,
and the relocation takes place again in a continuous cycle. Such
gradual updates enable users to agglomerate new brushed points in
an arbitrary direction in the MD space, thus allowing the brushing
of an MD cluster with an arbitrary shape (O3).

If users decide to end brushing and confirm the brushed
MD cluster, they can end the cycle by releasing the mouse
button. Such decisions can be made when (1) there are no more
unbrushed image snippets (i.e., data points) that look similar to
the ones inside the set of brushed snippets or (2) newly brushed
points have a relatively lower density than the previously added
points. Auxiliary visualizations (e.g., parallel coordinates plot or
heatmap) can also guide users in deciding the boundary of brushed
clusters (Sect. 6). Here, users can again go back to brushing by
pressing the mouse button or erase points that are not intended to
be in the brush (Sect. 4.2.1).

Note that by allowing users to make the final decision, our
technique can effectively handle noisy clusters, i.e., semantic
clusters that are not well separated in the data space. For example,
Distortion-aware brushing can be used to highlight image snippets
that are visually distinguishable to humans but indistinguishable
by a distance metric. We demonstrate the effectiveness of this
feature in Sect. 7.

During brushing, the brushed points are also relocated to aid
interaction. First, we uniformize their locations. The uniformiza-
tion removes empty space within the inner boundary, making the
2D proximity between each unbrushed point and the brushed
points accurately reflect their closeness. It also removes overlap
between the points, supporting users in visually investigating snip-
pets. Then, the points are successively relocated to better reflect

the original data distribution of the MD cluster. The points in
which corresponding data have high MD closeness to the brushed
points move near the center of the core area of the lens, and the
ones with low closeness move near the boundary of the inner lens.
We achieved this by swapping the positions of the points to align
their distances to the inner boundary with closeness. This makes
the 2D visual cluster a better match with the MD cluster ( O1 )
and helps users readily erase points with low closeness ( O2 ).

Inner boundary construction. While brushing, the inner bound-
ary is set as a convex hull enclosing the brushed points. We use a
convex hull as it is computationally cheap (O(n logn) for n points)
while tightly enclosing the brushed points compared to alternatives
(e.g., boundary circle) and has no hyperparameter to tune ( O4 ).

Outer boundary construction. The outer boundary is con-
structed by offsetting each corner of the inner boundary to main-
tain the width of the lens area. Thus, points with the same MD
closeness to brushed points are displayed at the same distance to
the core lens. This approach also makes the relocation of points
isotropic, not biased by the direction from which they originate.
It supports our encoding where visual proximity matters while
provenance direction has no specific importance. We detail this
justification and design alternatives in Appendix D.

As mentioned in Step 3 , we use 2τ offset to match the lens
area’s width with the painter’s diameter. Thus, when an Uncertain
point enters the painter, lying on its circular edge, its MD closeness
to the brushed points corresponds roughly to the proportion of
the painter area overlapping the core lens, a visual indicator easy
to estimate. For example, if the painter fully overlaps with the
core lens, any point within the painter can belong to the brush
but none within the lens area (i.e., the accepted closeness is only
α = 1). If the painter α-overlap with the core lens, points with MD
closeness above α can belong to the brush (the accepted closeness
range is [α,1]). Finally, if the painter stays entirely within the
lens area, outside the core lens, touching the outer boundary, all
the points covered by the painter can belong to the brush (the
accepted closeness range is total: [0,1]).

Dynamical update. As the brush is dynamically updated with
the Uncertain points captured by the painter, the brush grows up
on the painter’s side at a certain speed due to relocation animated
transitions and core lens uniformization (see below). This in-
creases the overlap area of the core lens with the painter, hence
the acceptance threshold α , and reduces the painter’s covering
of the lens area, preventing further Uncertain points from being
captured and a positive feedback loop that would lead to a loss
of control. Users must keep moving the painter toward the nearby
lens area to lower the acceptance threshold back to the desired
value, capturing new Uncertain points down to that level. Thus,
users intending to brush MD data carefully will naturally move
painter slower, thus maintaining a higher α and a more stringent
acceptance of Uncertain points as MD True Neighbors.

Core lens uniformization. We used the centroidal Voronoi
tessellation [49] based on Lloyd’s algorithm [50] to uniformize
the distribution of brushed points. We clip the Voronoi cells to fit
the inner boundary so that the points remain within the core lens.

4.2 Features for Enhanced Usability

We discuss features of Distortion-aware brushing that improve its
usability and applicability in cluster analysis.
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4.2.1 Erasing Mode
Users can erase points that are not intended to be brushed using
erase mode. The mode is enabled when (1) brushing is paused by
releasing the mouse button during Step 4 and (2) the keyboard
shift button is pressed. When enabled, users can erase points by
hovering the painter over the points while keeping the mouse
button pressed. The painter’s color becomes red.

Natural candidates for erasing are points with low MD close-
ness to the brushed points. As the system pushes such points
with low closeness near the inner boundary ( Step 4 ), users can
readily erase them by moving the painter in the lens area of the
brush slightly overlapping the core lens to capture these outliers.

The erased points are then relocated like other unbrushed
points based on their closeness to the updated brush.

4.2.2 Multiple Brushes
In previous brushing techniques, multiple brushes are often pro-
vided to compare multiple sets of points, widening the analytic
search space [6], [21]. We also allow users to control multiple
brushes while distinguishing them with different colors. Users can
pause the current brush and switch the focus to another brush by
pressing a button with the same brush color. We showcase the
utility of multiple brushes in our use case (Sect. 6).

4.2.3 Contextualization within the Original Projection
The point relocation mechanism corrects distortions around the
brushed points ( O2 ) but can introduce new distortions elsewhere
in the MDP, making it difficult for users to understand the
brushed cluster in the context of the original MDP. Moreover,
the relocation may reinforce confirmation bias, leading users to
preferentially brush points that resemble those already brushed.
To mitigate such side effects, we allow users to restore all points
to their original positions through an animated transition while
preserving their color to indicate brush identity. This feature
helps users contextualize brushing results within the original MDP,
reducing selection bias introduced by the current brushing and
encouraging the exploration of alternative analytical paths. Our
use cases (Sect. 6, 7) show the practical benefits of this contextu-
alization in practical scenarios. Future work could explore history
management for clusters [51], which would support hypothesis-
driven analysis and enhance navigation across different brushing
results—an improvement beneficial to all brushing techniques.

5 EVALUATING THE ROBUSTNESS OF
DISTORTION-AWARE BRUSHING

We conduct two controlled user studies to validate the effective-
ness of Distortion-aware brushing. The studies investigate how
Distortion-aware brushing’s performance in extracting MD clus-
ters (accuracy and task completion time) is affected by the amount
of distortions (O2; Sect. 5.1) and the non-triviality of the shape of
MD clusters (O3; Sect. 5.2). Both studies compare Distortion-
aware brushing against three existing brushing techniques for
MDP. We do not empirically investigate the satisfaction of O1
and O4, as they are fulfilled by design (Sect. 4.1).

5.1 User Study 1: Robustness Against Distortions
5.1.1 Objectives and Design
We aim to compare Distortion-aware brushing with baselines
regarding accuracy in capturing MD clusters and their robustness

to the amount of DR distortions. We also want to assess how
global ( Step 1 ) and local ( Step 2 ) distortion inspections
(Sect. 4.1) affect user performance of the brushing techniques. To
achieve such goals, we design the study to have three independent
variables:
• Amount and type of distortions (DISTORTIONAMOUNT)

– Low distortion, High MN, and High FN
• MD brushing techniques (TECHNIQUES)

– Three baselines (Data-driven brushing [22], M-Ball Brush-
ing [6], Similarity brushing [20]) and Distortion-aware
brushing.

• Availability of global and local distortion inspections
(DISTORTIONINSPECTION)
– No inspection, Only global, and Both global and local

resulting in a within-subject experiment with 3 [DISTORTION-
AMOUNT] × 4 [TECHNIQUES] × 3 [DISTORTIONINSPECTION]
= 36 trials per participant. Note that controlling DISTORTION-
INSPECTION ensures the fairness of our experiment in compar-
ing Distortion-aware brushing and baseline techniques. This is
because baseline techniques’ task performance may also benefit
from the inspection functionalities. The detailed study design is
presented in the following subsections:

Baseline brushing techniques. We select data-guided brushing
techniques (Sect. 2.3.2) as baselines because they share a com-
mon analytic goal with Distortion-aware brushing: identifying
MD clusters. Axis-guided brushing (Sect. 2.3.1) techniques are
not included because they (1) operate on multiple coordinated
attribute-based views (SPLOMs) instead of a single MDP and
(2) serve a different analytic purpose (Sect. 2.3.1), limiting their
capability to identify MD clusters (see Appendix I).

Task. We ask participants to perform interactive labeling [52],
[53]. The aim of the task is to label a single designated cluster in
the MD data by brushing them on the 2D MDP represented by
a monochrome scatterplot. We pick the task as it is widely used
to explore MD data in visual analytics [52], [53], [54], and is an
important use case of previous brushing techniques [6], [20].

Procedure. One experimenter manages the experiment for all
participants individually and in person. After a participant signs
the consent form, the experimenter explains the concept of MD
data and why 2D projections cannot precisely depict them. Then,
the experimenter details the tasks and goals of the experiment.
During the introduction, the participants are free to ask questions.

Participants are then exposed to 36 trials; each is associated
with a single combination of the independent variables. We divide
the trials into four sessions, where each session is assigned to
a single TECHNIQUE. In each session, after the experimenter
demonstrates the technique, participants are given a maximum
of five minutes to practice and pose questions. For the practice,
we use a dataset and projections different from those used for
the main study (detailed below). The order of the sessions (i.e.,
the order of the TECHNIQUES) is counterbalanced using a four-
level Latin square design (Appendix F). Each of these sessions
contains nine trials (every combination of DISTORTIONAMOUNT

and GLOBALINSPECTION), where the order of these trials is again
counterbalanced using a Latin rectangular design (Appendix F).
As we notice that each trial takes at most around 120 seconds in a
pilot study, we set no specific time limit for each trial.

Finally, we conducted a semi-structured post-study interview
investigating the usability of brushing techniques and task diffi-
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Low distortions High Missing Neighbors (MN) High False Neighbors (FN)

Fig. 4. The example projections (i.e., stimuli) used in our experiments with different amounts of distortions. In study 1 (Sect. 5.1, we treat the amount
of distortions as an independent variable, namely DISTORTIONAMOUNT. In study 2 (Sect. 5.2), it is controlled as a confounding variable.

culty (Appendix A). The experiment took less than 50 minutes for
all participants. We detail our apparatus in Appendix J.

Measurements. We record labeling results and task completion
time of each trial. We record the task completion time as the
duration from the first mouse hover to the stimuli to the click
of the “finish trial” button. We also convert labeling results into
F1 accuracy scores with respect to the ground-truth clusters.

MD dataset and ground truth clusters. We use the MNIST
dataset as a reference MD dataset to generate projections that will
be used as scatterplot stimuli. We reduce the dimensionality of
the MNIST dataset to 10D using PCA [55] to prevent previous
brushing techniques that rely on convex-shaped MD region (Data-
driven brushing, M-ball brushing) to suffer from the curse of
dimensionality [56] (see Appendix B), making our experiment fair.

We consider each class (i.e., digit) as a potential ground truth
cluster. We thus render points as snippet images (i.e., digits) so that
participants can visually distinguish different digits and readily
determine the boundary of brushing.

However, classes may not be well separated in the original
MD space [19], [57]. Therefore, we first identify class pairs with
high separability following Aupetit [57] to create valid ground-
truth clusters and allow reliable evaluation. We first compute the
separability of class pairs over 96 labeled MD datasets available
using the between-dataset Calinski-Harabasz (CHbtwn) Index [47],
then pick the index value corresponding to the 90th percentile as
a separability threshold. We use CHbtwn as the index is proven to
work robustly and fairly regardless of the dimensionality [19], [47]
Then, for each stimulus, we select pairs of classes in the MNIST
dataset that are mutually separable with a CHbtwn separability
index higher than the separability threshold.

Confounding variables. We identify and control three confound-
ing variables: the number of points of each cluster, the number
of clusters, and the non-triviality of the shape of the cluster
designated to be brushed. To control the non-triviality of a cluster,
we first fit the Gaussian Mixture model with a single Gaussian dis-
tribution to the cluster in the MD space. We then use the maximum
log-likelihood score, quantifying how well the Gaussian fits the
data distribution as a proxy for non-triviality. We identify the top
three classes with high non-triviality and the bottom three classes
with low non-triviality of the MNIST dataset as High and Low
non-triviality clusters, respectively, designating the remaining four
classes as Intermediate clusters. We also prepare three different
settings for the number of points (100, 150, and 200) and clusters
(two, three, and four). The total number of combinations of the
confounding variables is 3× 3× 3 = 27, but we reduce it to nine
using a three-level Latin square design. Note that the number of
points thus varies from 200 (100 points × two clusters) to 800 (200

points × four clusters). We maximally equalized the assignment
of these nine combinations to all participants (12) and trials (36)
using the Latin rectangle design (See Appendix F for the detailed
assignment).

Stimuli (i.e., MDPs) generation. We have nine combinations
of confounding factors and three different DISTORTIONAMOUNT

settings; we thus need 9× 3 = 27 types of stimuli. When a trial
requires a stimulus with N clusters, M points per cluster, L
non-triviality, and O DISTORTIONAMOUNT, we first randomly
sample N clusters while ensuring that at least one of them has
L non-triviality. We then randomly sample data points to make
each cluster have M points and generate a projection having O
DISTORTIONAMOUNT (detailed below) as a final stimulus. One
of the clusters with L non-triviality is randomly designated to be
brushed. As we use the MNIST dataset, we designate the cluster
by informing the corresponding class. All stimuli are precomputed
before the experiment. Please refer to Fig. 4 for the example
projections we use.

Levels of DISTORTIONAMOUNT. We generate projections with
Low distortion using t-SNE [12]. We optimize two hyperparam-
eters that significantly impact the projection results, perplexity,
and learning rate [58]. We use Bayesian optimization [59] while
using the F1 score of Trustworthiness & Continuity (T&C) [27] as
the target function. We use T&C as they are widely used metrics
for detecting FN and MN [28], [19], [11], [60], respectively. We
also create projections with High FN using the random orthogonal
projection technique. As the random orthogonal projection always
decreases the distances between points, we can expect the resulting
projection to have relatively high FN but relatively low MN. We
create High MN projections by executing t-SNE with an extremely
low perplexity setting of 1. Given that low perplexity values cause
t-SNE to prioritize local structure, setting the perplexity this low
can result in the algorithm missing close neighbors and splitting
cluster apart, thereby leading to more MN [61]. We verify the
validity of our settings in Appendix E by reporting the T&C scores
of the resulting projections.

Training session for each brushing technique. We use PCA
projection of a randomly chosen set of three highly separated
classes for the training. We use PCA as it is a very standard
projection technique that generates FN distortions but less than
random orthogonal projections. Therefore, using PCA, partic-
ipants can experience each brushing technique’s capability to
address distortions without being frustrated by the task’s difficulty.
We turn on both global and local inspection during the training
session. We inform participants that these functionalities can be
turned off during the main experiment.

Participants. We recruited 12 participants (identified as E1P1–
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(b) Effect of DISTORTIONAMOUNT on task performance

(c) Effect of DISTORTIONINSPECTION on task performance

(a) Overall Performance for all trials

All

High FN

High MN

Low distortion

Global & Local

Only Global

No Inspection

Finding A.
Distortion-aware brushing significantly outperforms baseline 

techniques In terms of task accuracy (at most p < .001) 

Finding B-1.
All brushing technique demonstrates high task accuracy on 

the projections with low distortions

Finding B-2.
Distortion-aware brushing maintains its task accuracy even on 

projections with high distortions. In contrast, task accuracy with 
baseline techniques significantly decreases on  highly 

distorted projections  (at most p < .05) 

No significant effect is observed regarding
independent variable DISTORTIONINSPECTION

Finding C.
Distortion-aware brushing requires significantly longer task 
completion time compared to baseline techniques (at most p < .001)

Finding D.
Task completion time for all techniques is significantly longer 
when projections suffer from high distortions (at most p < .001)

No significant effect is observed regarding
independent variable DISTORTIONINSPECTION

Study 1  Robustness of Brushing Techniques Against Distortions

Distortion-aware brushing

Data-Driven Brushing

M-Ball Brushing

Similarity brushing

Fig. 5. Study 1 results demonstrating the robustness of brushing techniques against the amount of distortions. Overall, Distortion-aware brushing
significantly outperforms baseline techniques in terms of task completion time, but requires participants more time to complete the task. Please
refer to Sect. 5.1.2 and Sect. 5.1.3 for detailed analysis results and discussions, respectively.

E1P12) from a local university (nine males and three females,
aged 22–32 [26.4 ± 3.2]). All participants had undergraduate-level
experience in statistics or linear algebra and thus could readily
understand the concept of MD data and brushing techniques. They
also had experience in using standard brushing techniques like
lasso or box selections. We compensated each participant with the
equivalent of US $10 for their participation.

5.1.2 Quantitative Results
We detail our study findings, which are also depicted in Fig. 5.

Analysis on overall task accuracy. Aligned with the main
study objective (Sect. 5.1.1), we investigate how three independent
variables (DISTORTIONAMOUNT, DISTORTIONINSPECTION, and
TECHNIQUES) affect clustering accuracy, i.e., F1 score (Fig. 5
left). We execute the three-way repeated measure ANOVA (RM
ANOVA) with Bonferroni correction for post-hoc analysis.

As a result, we find significant main effect on TECHNIQUES

(F3,33 = 36.361, p < .001) and DISTORTIONAMOUNT (F2,22 =
17.102, p < .001). For TECHNIQUES, post-hoc analysis reveals
that Distortion-aware brushing shows significantly higher accuracy
compared to baseline techniques (p< .01 for Data-driven brushing
case, p < .001 for other cases). There was no other significant
difference. This leads to our first finding:

Finding A. Distortion-aware brushing is, overall, the
most accurate technique among all competitors for selecting
clusters in MDPs.

In terms of DISTORTIONAMOUNT, we find that task accuracy
is significantly better on the projections with low distortions
compared to the ones with high MN or high FN (p < .001 for
both cases), which is straightforward.

Interaction effect analysis on task accuracy. Using RM
ANOVA, we also find a significant interaction effect between

TECHNIQUES and DISTORTIONAMOUNT (F6,66 = 7.272, p <
.001). To deep dive into this interaction, we divide the trials into
three groups with different DISTORTIONAMOUNT (Low distor-
tion, High MN, and High FN). We then conduct additional one-
way ANOVA examining how TECHNIQUES affect the F1 accuracy
scores of each group.

As a result, we find that TECHNIQUES variable significantly
influences the accuracy with the projections having High MN
(F3,140 = 20.764, p < .001) or High FN (F3,140 = 19.318, p <
.001). However, it has no significant effect for the case with Low
distortions (F3,140 = 0.847, p = .470), where all techniques show
substantially high performance (over 0.85 in average; Fig. 5b left).
Post-hoc analysis shows that if projections have High MN or High
FN, Distortion-aware brushing significantly outperforms baseline
techniques (High MN: p < .01 for Data-driven brushing case,
p < .001 for other cases; High FN: p < .05 for M-Ball brushing
case, p < .001 for other cases). Fig. 5b (right) shows that such
change occurs as the accuracy of Distortion-aware brushing stays
still while the accuracy of other techniques decreases. The results
can be summarized as follows:

Finding B-1. Every brushing technique we considered is
accurate for the MDPs with low distortions.

Finding B-2. Distortion-aware brushing maintains its high
task accuracy on projections with high MN and FN. On the
other hand, baseline techniques work poorly on these projec-
tions, having significantly lower task accuracy compared to
Distortion-aware brushing.

No other significant interaction effect has been found.

Analysis on overall task completion time. We investigate how
three independent variables affect task completion time (Fig. 5
right). As with previous analysis on task accuracy, we run the
three-way RM ANOVA for that purpose, and use Bonferroni
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correction for post-hoc analysis.
The analysis reveals significant main effect on TECHNIQUES

(F3,33 = 8.557, p < .001) and DISTORTIONAMOUNT (F2,22 =
7.162, p < .01). For TECHNIQUES, post-hoc analysis shows that
Distortion-aware brushing shows significantly longer task comple-
tion time compared to baseline techniques (p < .001 for all cases).
This summarizes into:

Finding C. Distortion-aware brushing requires significantly
longer task completion time than baseline techniques.

In terms of DISTORTIONAMOUNT, post-hoc analysis reveals
that the techniques require longer completion time for the pro-
jections with High MN and High FN compared to the Low
distortions cases. As no interaction effect coupled with DISTOR-
TIONAMOUNT exists, the results lead us to the following finding:

Finding D. Regardless of the type of brushing techniques,
the task completion time was significantly longer when there
exist distortions in MDPs.

Interaction effect analysis on task completion time. RM
ANOVA identifies significant interaction effect on DISTORTION-
AMOUNT and DISTORTIONINSPECTION (F4,44 = 4.236, p < .01).
For follow-up analysis, we divide the trials into three groups based
on DISTORTIONAMOUNT and run one-way ANOVA on each
group, investigating the influence of DISTORTIONINSPECTION on
task completion time. For all groups, we find no significant main
effect found (Low distortion: F2,141 = 1.368, p = 0.258; High MN:
F2,141 = 0.340, p = 0.712; High FN: F2,141 = 0.779, p = 0.461).

Visual analysis of baseline techniques’ task accuracy. We visu-
ally explored additional factors affecting the interaction between
TECHNIQUES and DISTORTIONAMOUNT (Fig. 5b). Although the
difference is not statistically significant, we observe that the
median task accuracy of M-Ball brushing (green) is higher than
the one of Data-driven brushing (blue) for the projections with
High FN, while the opposite happens for the ones with High MN.

5.1.3 Discussions
We discuss the takeaways from our main findings (Sect. 5.1.2).

Distortion-aware brushing is more accurate than competi-
tors when more distortions exist. Findings A and B verify
that Distortion-aware brushing significantly outperforms baseline
techniques, showing substantial accuracy regardless of distortions.
These findings clearly imply the benefit of using Distortion-aware
brushing in MD data analysis. Distortion-aware brushing will help
analysts to reliably analyze the cluster structure of MD data even
if MDPs have unreliable representations (Sect. 1, 2.1).

Baseline techniques can still be used in low-distortion MDP.
Our findings also indicate that baseline techniques can still be
useful in some situations. Finding B-1 informs that baseline
techniques are reliable if we can ensure that the projections have
low distortions. In such a case, the analysis will benefit from the
faster completion time of baseline techniques (Finding C).

Local and global inspections are helpful when distortions are
high. The study does not reveal a significant influence on the
existence of our inspection functionalities ( Step 1 Step 2 ).
However, in the interaction effect analysis on task completion
time, we can observe that F-value of ANOVA decreases for High
MN and High FN case, which means that the influence of global
and local inspection increases when MDPs suffer from more

distortions. Although not supported by statistical evidence, this
observation aligns with the qualitative feedback from participants
(Sect. 5.3.2) that our global and local inspection functionalities
help users perform brushing tasks faster.

Trade-off between task accuracy and task completion time.
Although Distortion-aware brushing shows the best task accuracy,
it trades task completion time for such achievement (Finding C,
D). Our qualitative interview reveals that this tradeoff mainly
originates from the enhanced concentration or cautiousness of
participants while using Distortion-aware brushing (Sect. 5.3.1).

5.2 User Study 2: Robustness Against the Non-
Triviality of Multidimensional Cluster Shape

5.2.1 Objectives and Design

We aim to investigate the robustness of Distortion-aware brushing
in maintaining user performances (task accuracy and completion
time) against the non-triviality of cluster shapes. We also want
to check whether the general findings about the performance
of Distortion-aware brushing we find in Study 1 (Sect. 5.1) are
maintained. To this end, the study has:

• Non-triviality of the MD shape of a designated cluster to be
brushed (NONTRIVIALITY)
– High, Intermediate, and Low,

as an independent variable instead of DISTORTIONAMOUNT.
The amount of distortions is controlled for a confounding vari-
able, along with the number of points and clusters. The study
also shares the independent variables GLOBALINSPECTION and
TECHNIQUES, and all other experimental settings with Study 1.
In summary, this study is identical to the previous one except that
we swapped DISTORTIONAMOUNT for NONTRIVIALITY, and we
work with different sets of participants.

Participants. We recruit 12 participants (E2P1–E2P12) from two
local universities (ten males and two females, aged 21–30 [24.6 ±
2.5]) with the same recruiting criteria with the Study 1.

5.2.2 Quantitative Results

The following are the findings from the study (Fig. 6). We first
check whether our findings from the previous study which are not
dependent on DISTORTIONAMOUNT are maintained in this study
(Finding A and C). We also discuss new findings from the study.

Analysis on overall task accuracy. By executing three-way RM
ANOVA examining the influence of three independent variables on
the F1 score, we find a significant main effect on TECHNIQUES

(F3,33 = 34.51, p < .001). Bonferroni post-hoc analysis reveals
that Distortion-aware brushing significantly outperforms all other
techniques (p < .001 for all) in terms of accuracy, again con-
firming Finding A. Unlike Study 1, post-hoc analysis indicates
that Data-driven brushing and M-Ball brushing show significantly
higher accuracy compared to Similarity brushing (p < .001 for
both). This leads to a new finding:

Finding E. Using similarity brushing leads to lower accu-
racy compared to not only Distortion-aware brushing but also
Data-driven brushing and M-Ball brushing.

We find a significant main effect for NONTRIVIALITY ((F2,22 =
8.55, p < .01), but post-hoc analysis fails to identify significant
differences between brushing techniques.
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Finding E.
Similarity brushing has significantly lower task accuracy 

compared to other baseline techniques (p < .001) 

No significant effect is observed for the
independent variable DISTORTIONINSPECTION

Finding F.
Similarity brushing requires significantly shorter task completion time 
compared to M-Ball and Distortorion-aware brushing (at most p < .05)
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Study 2  Robustness of Brushing Techniques Against Non-triviality of MD cluster shapes
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Intermediate
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Global & Local
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No significant effect is observed from the post-hoc
analysis regarding independent variable NonTriviality

No significant effect is observed from the post-hoc
analysis regarding independent variable NonTriviality

Fig. 6. Study 2 results demonstrating the robustness of brushing techniques against the non-triviality of MD cluster shapes (NONTRIVIALITY). The
study results reaffirm the superiority of Distortion-aware brushing in terms of task accuracy. We find no significant differences between brushing
techniques in terms of NONTRIVIALITY.

Analysis on overall task completion time. We run three-way RM
ANOVA to investigate how three independent variables affect task
completion time (Fig. 6 right), which is followed by Bonferroni
correction for post-hoc analysis.

RM ANOVA reveals a significant main effect on TECHNIQUES

variable ((F3,33 = 13.84, p < .001)). The post-hoc analysis in-
dicates that Distortion-aware brushing requires a significantly
longer task completion time compared to all other techniques
(p < .001 for all). This result again confirms Finding C from the
previous study. Moreover, the post-hoc analysis finds that the task
completion time with M-Ball brushing is significantly longer than
Similarity brushing (p < .05), hence the finding:

Finding F. Using similarity brushing leads to shorter
task completion time compared to not only Distortion-aware
brushing but also M-Ball brushing.

We again find a significant main effect for NONTRIVIALITY

(F2,22 = 5.22, p < .05), but post-hoc analysis identifies no sig-
nificant differences between brushing techniques.

5.2.3 Discussions
Study 2 again confirms the superiority of Distortion-aware brush-
ing regarding task accuracy and the tradeoff between task accuracy
and completion time. Moreover, it also reaffirms that there are
no significant effects relevant to DISTORTIONINSPECTION (See
Sect. 5.1.3 for detail). The following is a takeaway from the new
findings of Study 2 (Sect. 5.2.2).

Superiority and Inferiority between baseline techniques. Find-
ing E shows that M-Ball Brushing and Data-Driven Brushing
have better task accuracy than Similarity brushing. Finding F then
shows that M-Ball brushing requires longer task completion time
compared to Similarity brushing.

Again, these results are consistent with the techniques’ design.
M-Ball brushing progressively and manually expands the brush

while avoiding FN distortions, trading time for accuracy. In
contrast, Similarity brushing selects all at once the true neighbors
of all the points in the painter, which are not necessarily true
neighbors of each other (FN), hence trading accuracy for time.
Data-driven brushing also captures FN but does not automatically
extend the brush to its true neighbors, resulting in fewer distortions
than Similarity brushing. Our interview results (Sect. 5.3) further
verifies the finding that Data-driven brushing showed better task
accuracy compared to Similarity brushing.

5.3 Post-Study Interview

We discuss the post-study interview results and takeaways.

5.3.1 Benefits in Terms of User Experience
Our interview reveals Distortion-aware brushing’s positive effects
on user confidence, cautiousness, and serendipity.

Distortion-aware brushing makes users more confident. Par-
ticipants report that Distortion-aware brushing makes them more
confident. Specifically, 20 out of 24 participants (83%) report that
they are most confident when using Distortion-aware brushing.

We find that such benefit mainly originates from the fact that
Distortion-aware brushing allows users to make final decisions
about adding new points to the brush ( Step 4 ). In contrast,
baseline techniques automatically formulate the MD region and
only “notify” users of the points within the region being brushed
points. 10 out of 24 participants (42%) explicitly claim they are
not able to manually fine-tune the brushed points in the baseline
techniques, which leads them to lower confidence.

We also find that participants feel more confident when using
Distortion-aware brushing as they can see an MD cluster as a 2D
cluster ( O1 ). Eight out of 24 (33%) participants mention that
they are more confident about their interactions as the visual 2D
clusters inform that they are doing well. In contrast, participants
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are not able to visually confirm the correctness of their interaction
in baseline techniques, which makes them less confident.

Distortion-aware brushing makes users more cautious. Our
interview reveals that the enhanced confidence again derived from
the enhanced cautiousness of participants. E2P5 noted, ‘‘As I knew
that I was doing well, I wanted to perform my best in performing
the given task”. The result also aligns well with our quantitative
findings. It is intuitive that people will require more time to
complete tasks when they are more cautious (Finding C), but this
will result in better accuracy (Findings A, B).

Serendipity of Distortion-aware brushing. An unexpected
benefit of Distortion-aware brushing is that users enjoy using it.
11 out of 24 participants (45%) note that playing with Distortion-
aware brushing is fun, and five among them (21%) especially use
the word “game”. E1P6 noted, “I feel like playing a game that
captures small monsters. I want to achieve a higher score.”.

5.3.2 Benefits of Global and Local Inspections
Although not statistically validated, our studies provide evidence
that global and local inspection functionalities ( Step 1 Step 2
) provide a positive effect in reducing task completion time
(Sect. 5.1.3). Aligned with this result, our interview also pro-
vides qualitative evidence of the positiveness of local inspection
functionality. Seven out of 24 participants (29%) reported that
the local inspection functionality substantially helps them quickly
determine which action to execute next. However, no participants
explicitly indicate the benefit of global inspection functionality.
We believe this is primarily because image snippets already sup-
port easy identification of the correct starting point for brushing.
Examining the effect of global inspection without image snippets
will be an interesting future avenue to explore.

5.3.3 Limitations
The interview also reveals the limitation that Distortion-aware
brushing requires an initial learning phase. Participants report that
it is not cognitively difficult to understand the workflow, but it
still takes some time to become proficient with the technique.
Sixteen out of 24 participants (67%) mention that some practice
is necessary to fully understand and utilize the functionalities
of Distortion-aware brushing. This is partly because participants
are less familiar with painter-based brushing. Ten out of 24
participants (42%) find the baseline Data-driven brushing more
comfortable, as they are familiar with box-shaped brushes. We
discuss strategies to make Distortion-aware brushing more intu-
itive for first-time users in Sect. 8.5.

6 USE CASE 1: GEOSPATIAL CLUSTER ANALYSIS

We demonstrate a use case validating Distortion-aware brushing’s
effectiveness in conducting cluster analysis of geospatial data.

6.1 Procedure
Persona and Goals. We define a persona named Alice, a data
analyst hired by a casual dining franchise company. The company
wants to open new restaurants in California, but investigating the
profitability of every block in the state exceeds its budget. Thus,
the company asks Alice to find good candidate areas for detailed
examination with three constraints: (C1) report blocks that are
geographically similar to each other, which will substantially
reduce the investigation cost. (C2) report blocks that are similar

to each other for many attributes (i.e., well clustered in the MD
space), also for reducing the investigation cost. (C3) focus on the
blocks with higher average home prices, as people who have the
financial means to pay for the restaurant’s food may live in such
areas.
Dataset. Alice uses California Housing dataset [62], comprised
of nine attributes (Longitude, Latitude, Median Income, House
Age, Average Rooms, Average Bedrooms, Population, Average
Occupancy, and House Price). Each datum corresponds to an
individual block, which is the smallest geographical unit used in
the U.S. census. Each attribute value is a statistic that summarizes
all households in a corresponding block. Note that we randomly
sample 5% (1031 points) of the original dataset provided by scikit-
learn [63] as too many data points may result in visual clutter in
projections (Sect. 8.3).
System design. Alice uses a visual analytics system leveraging
Distortion-aware brushing consisting of three components: Brush-
ing View, Parallel Coordinate (PC) View, and Attribute View.

Brushing View provides Distortion-aware brushing, where 2D
projection is made by mapping longitude and latitude to x and
y axes, and the map of California is displayed in the projection
background. The MD space is set as the 7D space formed by all
other attributes. The map is hidden when the points are relocated
(Steps 3, 4), as the 2D positions of data points have no more direct
relation to the map. When users return to the original projection
using contextualization (Sect. 4.2.3), they can see the map again.

PC View helps users to directly monitor how the brushing
proceeds and get hints about initiating or terminating brushing.
PC dynamically reacts to user interaction in the Brushing View;
the lines corresponding to seed points while inspecting local
distortions ( Step 2 ), and the brushed points ( Step 4 ) are
highlighted using the same color as the points. All other points
are depicted in black with lower opacity.

Finally, the Attribute (Attr) View displays the distribution of
attribute values of (1) brushed clusters, (2) remaining points, and
(3) all points using boxplots. Boxplots are dynamically updated,
reflecting the brushing status in the Brushing View.

6.2 Scenario

(Stage 1) Inspecting local distortions
Alice first wants to examine whether she could report geographi-
cally similar points as clusters (C1). To do so, she checks whether
visual proximity between 2D points matches the MD similarity. By
inspecting the global distortion using density encoding ( Step 1
), she finds several 2D clusters in the projection (i.e., map) that
have high MD density (yellow dotted ellipses in Fig. 7 S1-a). Note
that she zooms in to remove clutter and verifies there are points
with high MD density in such places (Fig. 7 S1-zoom). Thus, she
hypothesizes these regions may contain blocks that can also be
considered clusters in the MD space.

To validate her hypothesis, Alice hovers the painter around
three regions to examine their local distortion. As a result, she
finds that all regions suffer from both FN (neighboring map
locations having low MD similarity, depicted by low opacity;
purple doubled line in Fig. 7 Stage 1) and MN (map locations
far apart having similar attributes; purple solid line in Fig. 7
Stage 1), rejecting the hypothesis (Fig. 7 S1-b). This means that
Alice cannot use conventional brushing or previous brushing
techniques for MDP (Sect. 2) as they define the 2D brush as a
compact, continuous 2D region vulnerable to FN. Therefore, Alice
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Fig. 7. Use Case 1: Alice explores the California Housing Dataset [62] (Sect. 6) with Distortion-aware brushing to find a good candidate region for
opening casual dining restaurants. Alice uses a visual analytics system composed of a brushing view (left) that serves Distortion-aware brushing
and a Parallel Coordinates (PC) view (right) that shows the attribute values of brushed points. Alice also checks detailed statistics of attribute values
in brushed points by checking the Attribute (Attr) view. Using a visual analytics tool incorporating Distortion-aware brushing, our persona, Alice,
extracted clusters of blocks with similar characteristics and successfully conducted the given request.

reports that it is difficult to satisfy C1 and decided to keep using
Distortion-aware brushing for the following analysis (Fig. 7 S1-c).

(Stage 2) Extracting a cluster with high house prices

Alice then aims to find points having high House Prices (C3) and
being well clustered (C2). She first moves the painter around the
projection while monitoring seed points’ attribute values using
PC view. As she expects that such “wealthy regions” may be
located in urban areas, she especially examined regions around
Los Angeles and San Francisco. As a result, she finds an area that
contains seed points having House Prices ranging from 250,000$
to 400,000$, which exceeds the median house price, near San
Francisco downtown (red dashed circle in Fig. 7 Stage 2; S2-a).
She starts brushing from the seed points while monitoring the PC
View (Steps 3, 4) (Fig. 7 S2-b), and terminates brushing when the
brush starts to contain the blocks that have significantly different
patterns in PC View. As a result, she brushes the blocks with
House Prices lower than approximately 200,000$ (black solid
bracket in Fig. 7 S2-PC). Following the corresponding brush color,
she names the cluster as a Blue cluster (Fig. 7 S2-c). Note that this
cannot be done by filtering high-price blocks in PC View as she

does not know the threshold of House Prices that can accurately
discriminate blocks having different patterns in PC View.

(Stage 3) Extracting a cluster with the highest house prices
Through the PC View and the Attribute View, Alice discovers
that the portion of blocks with the highest House Prices is not
incorporated in the Blue cluster. Therefore, she decides to find data
points with similar attribute values (C2) that may comprise these
highly-priced blocks (C3). By skimming through the urban area
again, she finds seed points with the highest level of House Prices
and starts brushing again (Fig. 7 S3-a). To clearly discriminate the
currently brushed cluster from the Blue cluster, she stops brushing
when the newly brushed cluster starts to incorporate the blocks
with prices lower than 400,000$ (black solid bracket in Fig. 7 S3-
PC). She names the cluster the Orange cluster, following the same
naming convention (Fig. 7 S3-b).

Alice finds that the orange cluster not only exceeds the blue
cluster in terms of House Prices but also in Median Income,
Average Room, and Average Occupancy (purple dotted brackets
in Fig. 7 S3-PC). Higher Average Occupancy denotes that the
blocks in the orange cluster may contain households consisting
of multiple people. Higher Median Income and Average Room
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Fig. 8. PCA, t-SNE, and UMAP projections of the subset of Fashion-
MNIST dataset used in our second use case (Sect. 7). Silhouette (Sil)
scores indicate the separability of classes in the projections. Data points
are assumed initially unlabeled, appearing as monochrome scatterplots.

also support this inference, as they will grow proportionally to
the number of members in each household. Alice thus concludes
that the Orange cluster contains blocks that are more appropriate
for opening casual dining restaurants, as such restaurants may not
target people who eat alone.

Alice thus reports the blocks within the orange cluster as
having top priority for investigation. It is worth noting that blue
and orange clusters have no clear segmentation regarding individ-
ual attribute values (Fig. 7 S3-PC). This means that the neither
brushing axes of the PC nor previous brushing techniques for
MDP cannot precisely reveal these clusters (see Appendix G for
further confirmation). Moreover, points within two clusters are all
scattered throughout the projection (Fig. 7 Stage 4). This reaffirms
that both naive 2D brushing and previous brushing techniques
for MDP cannot stand out to detect these clusters, although these
clusters have clear differences overall (S3-PC)—yet a clear benefit
of Distortion-aware brushing in this scenario.

7 USE CASE 2: VISUAL-INTERACTIVE LABELING

Distortion-aware brushing can effectively identify noisy clusters
that are semantically distinct but not well-separated in the data
space ( Step 4 ). This enables users to make the final decision on
whether to brush certain points. We present a use case leveraging
this utility in supporting the visual-interactive labeling [64], [65]
for data with noisy MD clusters and distorted projections.

7.1 Procedure

Persona and goals. Bob, a data engineer, wants to train a
classification model on an image dataset. He aims to perform
visual-interactive labeling to identify ground-truth classes.
Dataset. We simulate a dataset with noisy clusters, i.e., clusters
that overlap in the data space, making them difficult to detect
using automatic clustering algorithms or nonlinear dimensionality
reduction techniques. We extract four classes in the Fashion-
MNIST dataset [66]: T-Shirts, Trouser, Sandal, and Dress (Fig. 8).
Among them, T-Shirts and Dress have been verified to have
low MD pairwise separability [10]. We assume that the dataset
lacks predefined class labels, requiring Bob to identify these four
classes. As shown in Fig. 8, these classes are not well-separated in
projection spaces. This implies that previous brushing techniques
may poorly discriminate these classes (Sect. 5). Note that we use
the entire 784 dimensions of the original dataset to represent the
MD space. To avoid visual clutter (Sect. 8.3), we use 2% (120
points for each cluster) of the original Fashion-MNIST dataset.

System design. Bob uses a labeling system equipped with
Distortion-aware brushing. To simulate a scenario where projec-
tions distort the representation of MD clusters, we use PCA, which
shows the worst performance in discriminating classes in terms of
Silhouette [67] scores (Fig. 8). Each data point is visualized as an
image snippet; Bob can thus investigate the semantic difference
between data points based on their visual appearance.

7.2 Scenario

(Stage 1) Brushing a Cluster Separated by Visual Similarity
and Proximity
Upon initiating the system (Fig. 9a), Bob identifies a cluster that is
visually and spatially distinct from other data points (Fig. 9α; cor-
responds to the Sandal class). Bob uses Distortion-aware brushing
to label this cluster. As the cluster is clearly separated from other
points in both the MD space and the projection, Bob brushes the
cluster with no difficulty (Fig. 9b), naming it the Blue Cluster.

(Stage 2) Brushing a Cluster Separated By Visual Similarity
Bob identifies that the remaining points consist of two types of
fashion items: tops (corresponding to T-Shirts and Dress classes)
and bottoms (corresponding to Trouser). He notices that these
two groups are not well-separated in the projection but have se-
mantically distinct visual appearances. To differentiate them, Bob
brushes the bottoms (Fig. 9c). Although tops and bottoms overlap
in the projection, Distortion-aware brushing dynamically relocates
the selected points, enabling Bob to discriminate between them
with ease. He names this cluster the Orange Cluster. By con-
textualizing the brushing results within the original projection
(Sect. 4.2.3), Bob confirms that the Blue Cluster and Orange
Cluster represent distinct labels (Fig. 9d).

(Stage 3) Separating Clusters with Fuzzy Boundaries
Bob inspects the remaining points that correspond to tops and
identifies that they consist of two semantically different clusters
(T-shirts and Dress classes). However, these two clusters are
semantically not clearly separated and partially overlapped in the
projection. Despite this, Bob brushes one of them, naming it the
Green Cluster (Fig. 9e). As Distortion-aware brushing relocates
points, it helps Bob consolidate semantically similar points scat-
tered throughout the projection. However, after completing the
brushing, he observes that the Green Cluster still contains points
that do not appear to belong to the correct label (Fig. 9f). To
refine the selection, he activates the erasing mode (Sect. 4.2.1) and
removes these points (Fig. 9g). Since uncertain points are pushed
to the cluster boundary Step 4 ), Bob erases them with ease.

Finally, by once again contextualizing the brushing results
within the original projection (Fig. 9h), Bob confirms that the
labeling now consist of four clusters (Blue, Orange, Green and the
remaining unbrushed clusters).

7.3 Comparison with Existing Systems

Previous visual-interactive labeling systems [64], [65] provide an
initial projection and prompt labelers to label a subset of the data.
These labeled points are then incorporated into an underlying
classification model, which supports the labeling process by (1)
predicting labels for unlabeled points [64], or (2) updating projec-
tions to better highlight the separation of labeled points [65]. This
iterative process continues until labeling is complete.
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(a) Bob initiates projection to
Perform visual-interactive labeling

(b) Bob brushes a Blue cluster distinctly
separable with others in terms of

both proximity and visual appearance 

(c) Bob brushes an Orange cluster
distinctly separable with others in

terms of visual appearance 

(d) Through contextual relocation, Bob
confirms that these clusters are visually

differentiable with unbrushed points

(e) Bob brushes a Green cluster that has
fuzzy boundary and visual difference

with other unbrushed points

(f) After the brush, Bob identifies
several incorrectly brushed points

within the Green cluster
(g) Bob erases the incorrectly

brushed points using the erasing mode

(h) Through contextual relocation, Bob
confirms the labeling consists of four

classes (Blue, Orange, Green clusters
and an unbrushed cluster)

𝛼

Fig. 9. Use Case 2: Bob uses Distortion-aware brushing for visual-interactive labeling [64], [65] (Sect. 7). Bob aims to identify and brush semantically
distinct clusters in the dataset to form ground-truth label data for training an automatic classifier. Distortion-aware brushing is effective to identify
noisy clusters (h) (semantically separated in snippet images but not in the data space) from strongly distorted projections (a).

Our Distortion-aware brushing approach offers two main ad-
vantages over the previous systems. First, in the earlier systems,
the initial labeling can be erroneous because of distortions in the
initial MDP, and these errors can propagate through subsequent it-
erations as the labels are used to train the classification model. Our
approach avoids this problem through point relocation. Second,
our approach does not require an underlying classification model
at all, which simplifies the system by reducing hyperparameters
and computational overhead. This also helps users to preserve
their mental map throughout the labeling process, as they do
not need to wait for model training at each iteration. However,
when MDPs have less distortion and clusters are not noisy (i.e.,
aligned well with potential classes), Distortion-aware brushing
may provide little advantages over previous systems. Further
quantitative comparisons are needed to better evaluate the pros
and cons of both approaches.

8 DISCUSSIONS

8.1 Comparison to Automatic Clustering Techniques
Distortion-aware brushing and automatic clustering techniques
(e.g., K-Means) both aim to discover meaningful cluster patterns
in MD data. However, by engaging users in the cluster extraction
process, Distortion-aware brushing makes cluster analysis more
insightful. First, by allowing users to “see” image snippets (Fig. 1)
or auxiliary visualizations (Sect. 6), Distortion-aware brushing can
account for visual similarity between data points that may often
overlooked by clustering techniques that rely on conventional
similarity or distance metrics (e.g., Euclidean, kNN). Our second
use case (Sect. 7) demonstrates the benefits of this approach.
Moreover, as seen in our first use case (Sect. 6), Distortion-aware

brushing supports users to incorporate their external knowledge
into the clustering procedure, specify characteristics of clusters
that they want to discover, and set the boundary of clusters
themselves. These functionalities enrich data analysis and are
not possible in conventional clustering techniques. Such benefits
emphasize both the effectiveness of Distortion-aware brushing and
the importance of the interactive aspect in cluster analysis.

8.2 Additional Usage Scenarios

This research contributes Distortion-aware brushing to make clus-
ter analysis of MD data more reliable. Our studies and use cases
align with this purpose.

However, the core concept of Distortion-aware brushing can
be applied to exploring and clustering diverse data entities where
discrepancies exist between their 2D spatial positions and se-
mantic meanings. For example, Distortion-aware brushing can
be used to browse computer files within messy directories (e.g.,
Downloads or Desktop) by interactively clustering the files
based on content similarity. In this case, users would not only
rely on the snippet image of each file (i.e., icons) but also benefit
from invisible semantic distances between file contents, with
distortions computed accordingly to guide the Distortion-aware
brushing. Another potential use case of Distortion-aware brushing
is to compare the hyperparameter settings of machine learning
models, where Distortion-aware brushing could help users com-
pare different hyperparameter settings, identify a group of optimal
configurations, and gain insight into how their variations affect
model performance.
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8.3 Visual and Computational Scalability
The computational time complexity of a single iteration of lens
update and point relocation is O(m logm+κnm), where n denote
the total number of points, m is the size of the convex hull,
and κ denotes the number of nearest neighbors considered to
compute closeness (we detail the complexity analysis in Appendix
C). As n ≫ m and n ≫ κ , the running time of the technique is
mainly bounded by n and has no relation with the dimensionality,
making it highly scalable. We empirically find that Distortion-
aware brushing ensures responsive interaction to the datasets that
have approximately 60,000 data points (Appendix J). Note that the
preprocessing of our technique requires up to O(n2k2) but needs
to be executed only once and does not impact the interactivity.

However, the technique may still struggle to deal with large
datasets for two reasons. First, the technique may suffer from vi-
sual complexity. When applied to a large dataset, visual clutter can
hide image snippets and opacity encoding. Enhancing Distortion-
aware brushing’s encoding to mitigate such visual complexity will
be an interesting future work. For example, we may adopt density
plots [68] to resolve the clutter. Second, the technique requires a
substantial amount of memory. We store the similarity matrix in
dense format, requiring O(n2) memory, which causes an out-of-
memory error in the heap space with large datasets (Appendix J).
Reducing memory usage, for example, by utilizing sparse matrix
formats, will be crucial for enhancing the scalability of Distortion-
aware brushing when processing large datasets.

8.4 Reproducibility of Cluster Analysis
Reproducibility is a fundamental aspect of visual analytics. Since
Distortion-aware brushing allows analyses to start from different
points, potentially leading to varying outcomes (Sect. 4.2.3),
it might seem to harm reproducibility. However, our technique
mitigates this concern by guiding users in identifying MD clusters
that align with 2D clusters, e.g., through opacity-coding of MD
density ( Step 1 ), which encourages users to initiate cluster-
ing in similar regions and reduces confirmation bias. Moreover,
Distortion-aware brushing is intentionally designed with minimal
hyperparameters ( O4 ), reducing variability from extensive hy-
perparameter tuning, which is a common pitfall in automated
clustering algorithms. Finally, our user study demonstrates that
Distortion-aware brushing enables participants to identify clusters
that align closely with ground-truth MD clusters, outperforming
conventional brushing approaches. Collectively, these factors ver-
ify that Distortion-aware brushing contributes to enhancing the
reproducibility of MD cluster analysis.

8.5 Limitations

Handling soft clusters. In this research, we assume “hard
clusters”: every point can be assigned to at most one cluster. In
reality, soft clusters are often observed; a point can belong to
multiple clusters with a certain degree. Enhancing the technique
to handle soft clusters will be an interesting future research.

Preserving mental map. While point relocation helps robustly
brush MD clusters regardless of MDP distortions ( O2 ), it comes
at the cost of global context provided by the original MDP.
As a result, users may struggle to maintain their mental map,
making it harder to perceive the connection between the original
projection and the brushed regions. This can potentially hinder
tasks that rely on global structure investigation, such as comparing

the density of clusters [5]. One possible solution is to juxtapose
the interactive projection with the original MDP, trading visual
space for better contextual awareness. Our contextualization func-
tionality (Sect. 4.2.3 further supports users in recalling the global
structure by helping them maintain their mental map throughout
the brushing process

Still, by compromising on global reliability, users can gain
substantially high reliability in extracting and examining local
clusters, as demonstrated in our user study (Sect. 5). This ad-
vantage enables Distortion-aware brushing to reliably support the
typical data analysis flow of the visual seeking mantra [69]:
Overview first, zoom and filter, details on demand. After users
inspect the overview of data distribution through the original MDP,
they can accurately zoom into or filter local clusters using the
technique, then reliably analyze clusters in detail through image
snippets or auxiliary visualizations (Sect. 6, 7).

The strategy to enhance local reliability by sacrificing global
reliability is similar to that of Focus-and-Context (FC) (e.g., Fish-
eye [70]). However, while FC approaches only provide transient
enhancement of local reliability, Distortion-aware brushing con-
tinuously maintains the brushed local MD cluster, which enables
more detailed and tangible follow-up analysis (Sect. 6).

Learning curve. Our user study reveals that Distortion-
aware brushing takes time for users to become comfortable with
(Sect. 5.3.3). Post-hoc interviews suggest this is partly due to
users’ limited familiarity with painter-based brushing systems. We
plan to redesign Distortion-aware brushing to leverage the box-
shaped brush regions, which are more familiar to most users.
Another possible approach is to slow down point relocation,
allowing users to control when to perform lens updates and point
relocation. While this may slightly increase task completion time,
it could help users adapt to Distortion-aware brushing more easily.

Limitations in user studies. We discuss the limitations of our
studies. First, data points are visualized using image snippets
in our experiment, but data points may lack intuitive visual
representations, e.g. in tabular data or text documents. We plan to
improve the generalizability of our study by testing the situation in
which auxiliary visualizations (e.g., Sect. 6) are used to guide the
brushing. We also want to clarify the need to conduct experiments
with more datasets. For instance, NONTRIVIALITY may not have
a statistically significant effect on the studied brushing techniques
because the variation in the non-triviality of cluster shapes be-
tween digits in the MNIST dataset was not large enough.

9 CONCLUSION

Although brushing in MDP has long been considered an important
research topic, previous brushing techniques for MDPs have strug-
gled to overcome distortions. To tackle this problem, we proposed
Distortion-aware brushing, a brushing technique that relocates
points to resolve distortions. Our user studies demonstrated the
usefulness and usability of Distortion-aware brushing in exploring
and discovering MD clusters, its robustness to distortions, and its
greater accuracy compared to state-of-the-art brushing techniques.
In summary, our work advances the research community one step
closer to making more reliable MD data analysis.
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