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Abstract—Scatterplots are widely used across various domains to identify anomalies in datasets, particularly in multi-class settings,
such as detecting misclassified or mislabeled data. However, scatterplot effectiveness often declines with large datasets due to
limited display resolution. This paper introduces a novel Visual Quality Measure (VQM) — OM4Anl (Overlap Measure for Anomaly
Identification) — which quantifies the degree of overlap for identifying anomalies, helping users estimate how effectively anomalies can
be observed in multi-class scatterplots. OM4Anl begins by computing anomaly index based on each data point’s position relative to its
class cluster. The scatterplot is then discretized into a matrix representation by binning the display space into cell-level (pixel-level)
grids and computing the coverage for each pixel. It takes into account the anomaly index of data points covering these pixels and
visual features (marker shapes, marker sizes, and rendering orders). Building on this foundation, we sum all the coverage information
in each cell (pixel) of matrix representation to obtain the final quality score with respect to anomaly identification. We conducted an
evaluation to analyze the efficiency, effectiveness, sensitivity of OM4Anl in comparison with six representative baseline methods that are
based on different computation granularity levels: data level, marker level, and pixel level. The results show that OM4AnI outperforms
baseline methods by exhibiting more monotonic trends against the ground truth and greater sensitivity to rendering order, unlike the
baseline methods. It confirms that OM4Anl can inform users about how effectively their scatterplots support anomaly identification.
Overall, OM4AnI shows strong potential as an evaluation metric and for optimizing scatterplots through automatic adjustment of visual

parameters.

Index Terms—Anomaly identification, Visual quality measure, Multi-class scatterplot, Explainable Al

1 INTRODUCTION

Anomaly identification (e.g., identifying outliers or misclassified data
points) is a key analytical task in multiple-class scatterplots (each data
point belongs to one of multiple distinct classes. These classes are
usually represented using different colors, shapes, or marker styles to
help distinguish them) [34]. This task helps users understand how in-
stances are distributed and determine whether any have been incorrectly
projected into clusters to which they do not belong, which supports
the detection of misclassified instances (see Figure 1). Identifying
anomalies using scatterplots is widely used across various domains,
such as the medical domain [26], Explainable Artificial Intelligence
(XA [19,23,31,38,44,45], and dimensionality reduction [16,20].

A key issue in identifying anomalies from multi-class scatterplots is
overplotting, especially when dealing with large datasets. Overplotting
hinders anomaly detection because markers can obscure one another,
particularly when overlapped by markers from different groups or
classes. Therefore, designing a VQM to measure how much anomaly
information is hidden in a multi-class scatterplot remains valuable.

However, most VQMs for multi-class scatterplots do not consider
the anomaly identification task. Existing scatterplot VQMs for measur-
ing overlap are either task-based or task-agnostic. Among task-based
measures, cluster separation is a commonly used type of visual effec-
tiveness measure, which includes algorithmic approaches that consider
neighborhood types and class-purity evaluation techniques [2], as well
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as data-driven approaches, such as those by Aupetit and Sedlmair [2],
who utilized proximity graphs and machine learning methods to model
human perception of class separation. Even when scatterplots are well-
separated, anomalies may still be hidden (see Figure 1); thus, these
measures are not effective for evaluating anomaly identification.

In task-agnostic measures, researchers have primarily focused on
computing the visibility of data points, either by calculating the propor-
tion of occluded points [40] or by counting the number of data points in
specific regions [6, 12]. These approaches have mostly considered only
the data coordinates. Some incorporate certain visual features, such as
marker size; however, no researchers have considered a critical visual
feature—rendering order—which determines the sequence in which
each data item is drawn in a scatterplot.

Our research designs a novel VQM, named OM4Anl, which provides
users with a value representing the quality of a multi-class scatterplot in
terms of its support for anomaly identification under overlap conditions
(We assume that the markers in scatterplots are opaque). OM4Anl
first calculates the anomaly index based on each data point’s relative
position to other data points belonging to the same class. Then, we
discretize the scatterplot into a matrix representation by creating a grid
and mapping markers into the corresponding grid cells. The coverage
information is then transformed into matrix form, taking into account
marker shape, marker size, and rendering order. Finally, we calculate
the quality score by summarizing the coverage information encoded in
the matrix representation.

The evaluation shows that OM4Anl outperforms six baseline meth-
ods in predicting hidden anomalies (data points that are occluded by
other data points belonging to the different class to them). In terms of
time cost, OM4Anl does not incur a significantly higher computational
burden compared to the baseline methods. Regarding effectiveness,
OM4Anl demonstrates stronger monotonic trends in quality scores with
respect to anomaly information. Additionally, OM4Anl is sensitive
to both marker size and rendering order, whereas none of the baseline
methods are sensitive to both visual features.

Our main contributions are as follows. First, we develop a novel
VQM for multi-class scatterplots to measure overlap in the context of
anomaly identification tasks (see Section 3). OM4Anl incorporates
the anomaly index score of each data point, computed based on data
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Fig. 1: Scatterplot examples for the anomaly identification task. Scat-
terplots are employed to assess the performance of a pretrained Con-
volutional Neural Network (CNN) model [25] in classifying the MNIST
dataset [13]. (a) and (b) present scatterplots of instances used for classi-
fication, where the x-axis and y-axis represent the coordinates of each
instance, computed through t-SNE algorithm [41]. After altering the ren-
dering order, the visibility of misclassified instances changes. They are
expected to have different VQM values.

coordinates and visual features (e.g., marker size and rendering order),
as key elements in its design. Second, we evaluate the VQM using
both synthetic and real-world datasets to analyze the performance of
OM4Anl (see Section 4) through comparing it with 6 baseline methods.

2 RELATED WORK

Our paper focuses on VQM for multi-class scatterplots. Therefore, we
structure our literature review around two key aspects: scatterplots,
and VQM techniques specifically related to scatterplots—an area that
has been central to the information visualization community since its
inception [3].

2.1 Scatterplots

A scatterplot is a type of data visualization used to display the relation-
ship between two numerical variables. Each point on the scatterplot
represents an observation in the dataset, with its position determined by
its values on the x-axis and y-axis. However, traditional scatterplots are
limited in handling large datasets due to display constraints, especially
with the rapid development of Al, which generates vast amounts of
data that are difficult to visualize.

To address this issue, many improved designs for scatterplots have
been proposed within the visualization community. As introduced by
Ellis and Dix [15], these methods can be categorized into three groups:
(1) appearance improvement (e.g., sampling [4, 6] or aggregation [9]),
(2) spatial distortion (e.g., point/line displacement [28] or topological
distortion [27]), and (3) temporal methods (e.g., animation [43]).

Even though many variations of scatterplots have been developed
based on the traditional design to address large datasets, traditional
scatterplots remain widely used across various domains. For example,
in XAI, Chatzimparmpas et al. [10, 11] reported that 115 out of 199
papers related to XAl employed scatterplots, and our review confirmed
that most of these used traditional scatterplots. Therefore, conducting
research on traditional scatterplots remains valuable for domain experts.

Tasks play a crucial role in both the design of scatterplots and the
development of VQMs. Sarikaya and Gleicher [34] summarized 12
scatterplot-related tasks, which include both low-level tasks and high-
level tasks (e.g., identifying objects, locating objects, exploring neigh-
borhoods or identifying anomalies). Many of these tasks can be sig-
nificantly affected by overplotting. Our work focuses on the task of
identifying anomalies, which is one of the most commonly used tasks
in different domains.

2.2 VQMs for Scatterplots

VQMs can be categorized into three aspects [7]. The first aspect in-
volves size metrics, which form the basis for other computations, such
as quantifying data items. The second aspect concerns feature preserva-
tion, which evaluates whether the abstracted data or dimensions retain
their original characteristics. The third aspect includes visual effective-
ness metrics, which assess image degradation and perceptual quality.

In this work, we focus on reviewing the feature preservation and visual
effectiveness measures relevant to scatterplots.

2.2.1

Feature preservation metrics are primarily focused on evaluating
whether a method performs well for generating a scatterplot. In the
context of scatterplot VQMs, the most commonly used are two types
of feature preservation VQMs. The first type measures the process of
projecting high-dimensional data to two-dimensional space, aiming
to evaluate the effectiveness of dimensionality reduction algorithms.
An example is the “Classes Are Not Cluster” metric, which assesses
how well the structure of high-dimensional data is preserved in the
low-dimensional projection [20].

The second type evaluates the performance of sampling methods
by estimating how well data density is preserved after sampling. For
instance, Bertini and Santucci [5] proposed a metric to assess how
well a sampling method preserves relative data density, considering the
represented density as the number of active pixels within the same area.
Johansson and Cooper [22] also introduced a method based on distance
transforms to create graphical representations and compare raw data
with abstract visualizations.

All of these VQM s evaluate methods that either generate scatterplots
by projecting multi-dimensional data into two dimensions or by sam-
pling the original data, thereby focusing on the scatterplot generation
process. They measure how well a scatterplot retains the same features
as the original scatterplot or data, without evaluating whether the scat-
terplot reflects the actual insights in the data. In contrast, our work
focuses directly on the scatterplot itself, aiming to determine whether it
contains hidden anomalies.

Feature Preservation Metrics

2.2.2 Visual Effectiveness Metrics

Visual effectiveness metrics can be categorized into two groups: task-
based and task-agnostic VQMs. Task-based VQMs include tasks such
as identifying cluster separation and identifying correlation. Task-
agnostic VQMs aim to estimate scatterplot quality without focusing on
specific tasks, such as by measuring the visibility index of data points.

One popular type of task-based VQM focuses on cluster separa-
tion. Traditional approaches to this task primarily rely on algorithmic
methods. Aupetit and Sedlmair categorized cluster separation VQMSs
from two perspectives: the type of neighborhood and the method of
class-purity evaluation [2]. Then, they proposed a data-driven evalua-
tion framework for assessing class separation in scatterplots based on
human judgment [36]. Using this framework, they evaluated a set of
15 separation measures and found that the best-performing measure
was the Distance Consistency Measure (DSC) [39], which is defined
as the fraction of points whose distance to their own-class centroid in
the 2D view is not strictly smaller than their distance to any other class
centroid.

Apart from algorithmic methods for measuring cluster separation
in scatterplots, data-driven approaches are also viable for designing
VQMs that assess how well clusters are separated. Abbas et al. [1]
introduced ClustMe, a VQM based on the Gaussian Mixture Model
and human judgment, to evaluate the complexity of grouping patterns
for monochrome scatterplots. Aupetit and Sedlmair [2] proposed visual
separation measures that focus on neighborhood-based and component-
based class purity evaluations, employing different proximity graphs
and machine learning methods to model human perception of class
separation. Jeon et al. [21] designed CLAMS, a perceptual regression
model trained on a user study dataset, to determine whether a scatterplot
exhibits good separation.

All of these task-based VQM methods focus solely on cluster sep-
aration in multi-class scatterplots and consider only the coordinate
data. These cluster-separation-focused VQMs are not well-suited for
measuring anomaly identification. For example, in Figure 1, anomalies
may still be hidden even when clusters are well-separated. Moreover,
all of these approaches ignore visual factors such as marker size and
rendering order, which can significantly affect anomaly visibility. In
contrast, our method addresses this gap by focusing on the design of a
VQM specifically for anomaly identification in multi-class scatterplots.
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Fig. 2: The pipeline of our method involves three key steps. First, we compute the anomaly index for each data point, which serves as an input
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(pixels) in matrix representation as a value between 0 and 1, where 0 indicates poor quality and 1 represents perfect quality with no data points

occluded.

Task-agnostic VQMs are also important for assessing the quality of
scatterplots. Although they are not specifically focused on a single task,
they assess how much information is hidden in a scatterplot. Some
measures are computed solely based on coordinate data (data level).
Among these, basic methods calculate the local density of a scatterplot
in a 2D view, such as Nearest Neighbor Distance [12] (NND) and
Kernel Density Overlap Degree [32] (KDOD). Beyond basic density
estimation, some measures compute the size of the overlapping region
(e.g., convex hull) between groups and sum the densities of objects
within the overlapping areas [35].

Some measures operate at the marker level and consider the overlap
among multiple markers. For example, the Visibility Index (VI) [40]
quantifies the percentage of glyphs that are not completely overlapped
by other glyphs. A related approach, Pairwise Bounding Box Overlap
Degree (PBBOD), calculates the ratio of the intersection area between
each pair of markers to the smaller area of the two markers [18].

Some measures are designed VQMs at the pixel level. The funda-
mental idea is to compute information density based on the number
of pixels in specific regions to assess overplotting [6]. Three basic
measures proposed by Ellis and Dix [15] calculate the overlap: (1)
the percentage of pixels plotted more than once; (2) the percentage of
plotted points that fall within pixels containing more than one point;
and (3) the percentage of plotted points that are hidden from view due
to overplotting [14]. Based on basic measures, Grid Density Overlap
Degree (GDOD), as proposed in [24], determines whether multiple
data points are mapped to a single pixel. Similarly, M),;, (MP) counts
the number of pixels occupied by more than two markers [42].

Whether at the data level, marker level, or pixel level, these task-
agnostic VQMs often overlook important visual features such as render-
ing order, and relatively few studies consider marker size. In contrast,
our work not only considers the density of data items but also incorpo-
rates visual features such as marker size, marker shape, and rendering
order. Furthermore, to the best of our knowledge, our work is the first
to explicitly account for rendering order in a VQM.

In order to evaluate our methods, we selected six representative
methods for comparison from both task-based and task-agnostic per-
spectives (see Section 4.3). For the task-based aspect, we selected the
best-performing algorithm-based method, DSC. The other five baseline
methods fall under the task-agnostic category: one method, KDOD,
is based on data level; two methods, VI and PBBOD, operate at the
marker level; and two methods, GDOD and MP, operate at the pixel
level (see Table 2).

3 METHODS

We outline a workflow for OM4Anl to measure the overlap of multi-
class scatterplots with respect to anomaly identification in three steps:
(1) we compute the anomaly index of each data point based on the
relative position of each marker to other markers belonging to the same

class; (2) we discretize the scatterplot into a matrix-based representation
by mapping all markers onto a grid using a spatial binning method,
taking into account features such as marker size, shape, and rendering
order, and then transform the pixel-based representation into a matrix
by computing the coverage information; (3) we compute the overlap
by summing the coverage information within each cell of the matrix.
Figure 2 illustrates the pipeline for these steps. We introduce each
of the three steps in detail and, at the end of this section, analyze the
computational complexity of OM4Anl.

3.1 Step 1 - Anomaly Index

This section introduces anomaly index, which quantifies how unusual
or atypical a data point is relative to the rest of the data in each class.
In this paper, we use it to indicate how anomalous each data point is
compared to other data points belonging to the same class, thereby
facilitating anomaly identification. The anomaly index value of a data
point j is denoted as w;.

To compute a data point’s anomaly index without the influence of
varying data coordinate scales (e.g., x-axis is range of 0 to 1 but y-axis
is range of 0 to 100), we normalize the data coordinates along both the
x-axis and y-axis. Suppose we want to create a matrix representation
in Step 2 with dimensions py and py (the values of which are defined
in Section 3.2), where p, refers to the number of cells along the x-axis
and p, refers to the number of cells along the y-axis. If p, > p,, we
first map the x-coordinates to the range [0, 1], and then map the y-
coordinates to the range [0, %], in order to align the x and y scales with
the grid dimensions used in Section 3.2. Conversely, if py > p,, we
map the x-coordinates to the range [0, %] and the y-coordinates to the

range [0, 1].

The anomaly index of data points in a scatterplot is computed based
on their relative positions to their class clusters under different method
schemes using normalized coordinates. While certain data points may
have minimal influence on insight discovery, others can significantly
alter outcomes if obscured. Our computation provides users with a
value indicating how anomalous each data point is. Multiple compu-
tation methods are applied in this step as candidates, each of which
may ultimately produce a VQM value as a sub-method of OM4AnlI,
and we evaluate these methods in Section 4. We list three candidate
methods for anomaly index computation (Please refer to the Section 1
in supplementary material for detailed computation information):

(1) Mahalanobis Distance [30] measures how far a data point is from
the mean of a distribution while accounting for correlations between
variables. It is computed using the mean vector and the inverse of the
covariance matrix, effectively normalizing the deviation based on the
dataset’s variance structure.

(2) Local Outlier Factor (LOF) [8] detects local outliers by comparing
the density of a data point to that of its neighbors. A point is consid-
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Fig. 3: An illustrative example of discretization. In (a), five data points
(rendered as five markers) from two different classes are displayed in a
scatterplot. Cells k; and k;, are covered differently: the topmost marker
at k; is M4, while at k; it is M5. The number of cells covered by each
marker is determined by their visual parameters, as detailed in (d).

ered an outlier if its local density is significantly lower than that of
surrounding points.

(3) Average-Linkage computes the average Squared Euclidean Distance
from the point to all points in the cluster, offering a balance between the
sensitivity of single-linkage and the compactness of complete-linkage.

Based on three different anomaly index computations, we derive
three sub-methods of OM4Anl: MD-AnlI, based on the Mahalanobis
Distance; LOF-Anl, based on the Local Outlier Factor (LOF); and
ALMD-Anl, based on Average-Linkage. We evaluate the performance
of these three sub-methods along with six additional baseline methods
(see Section 4).

3.2 Step 2 - Discretization

We discretize the scatterplot into a matrix representation by mapping
the markers onto a spatially binned grid to obtain a pixel-based rep-
resentation of the scatterplot, and then transform this representation
into a matrix form, as shown in Figure 2 (Step 2). This process first
determines the number of cells in the grid and the number of bins
along the x-axis and y-axis. After creating the grid, OM4Anl projects
markers (each data point for a marker) onto the cell-based (pixel-based)
grid, taking into account both data features and visual features. Data
features include data coordinates, anomaly index and class labels, while
visual features include marker size, marker shape, and rendering order.
Through this process, OM4Anl obtains the pixel-based representation
of the scatterplot. It then transforms this representation into a matrix
format that stores coverage information for each pixel, including the
number of data points in each pixel, their class labels, their anomaly
index and their rendering order.

We take an example to explain the discretization process, as shown
in Figure 3, the scatterplot space is divided into a grids with 20 x 20
(which is mentioned as py and py in Section 3.1) cells in (a). Five
markers representing five data points (from M1 to M5) are plotted,
resulting in overplotting among the markers, with rendering order
M1 — M2 — M3 — M4 — M5. Each cell records its own coverage
situation. For example, cell k; is covered by all five markers, and
the coverage order is shown in (b), where markers from two different
classes are involved. In contrast, cell k is covered by only two markers,
with the coverage order M1 — M4 in (c). To determine how many cells
each marker can cover, we compute it based on the marker parameters,
as illustrated in (d), where (xg,yo) are the coordinates of a data item
and L is the side length of the rectangle. Using the same method, we
can also map markers into a grid for other shapes, such as triangles or
circles (Please refer to Section 2 of the supplementary material for the
detailed computation strategy).

3.3 Step 3 - Overlap Computation

We introduce the third step (see Step 3 in Figure 2) of OM4Anl, which
provides a quantitative value to inform users how effective their scatter-
plot is at identifying anomalous data points. The output of OM4Anl
ranges over (0, 1], where 0 indicates the worst quality and 1 represents
no overlap in the designed scatterplot. The output value is computed
based on the anomaly index derived in Section 3.1 and the pixel-based
coverage information (i.e., how each cell is covered by markers) from
Section 3.2.

3.3.1

Before introducing how to compute the output value of OM4AnlI, we
first establish a set of notations to describe the elements that constitute
OM4Anl. The key notations include:

K: Set of all cells (pixels) in the scatterplot.

k € K: A specific cell within set K.

Nk = |K|: Total number of cells.

M: Set of all markers (data points) in the scatterplot.

Ny = |M|: Total number of markers in set M.

Ny (k) = t: Number of markers covering cell k.

mj(k): The i-th marker covering cell k (i reflects the order of plotting
in cell k), where i € {1,2,...,1}.

my (k): The topmost marker covering any other markers in cell k.
wi(k): Anomaly index of the i-th marker on cell k, which is calculated
from Section 3.1 (each data point has only one anomaly index value).
C: Set of classes represented across all markers.

ci(k): Class of the i-th marker covering cell k.

¢t (k): Class of the topmost marker covering cell k.

Notations

3.3.2 Computation

We introduce the computation of OM4AnlI for anomaly identification in
multi-class scatterplots. The core idea is to first summarize the anomaly
index values of all occluded markers in each cell, and then compute
the ratio between the aggregated anomaly index values of all occluded
markers across cells and the total anomaly index values of all markers
(both occluded and topmost) within those cells. The initial step involves
identifying the anomaly index of the topmost marker, g;(k), in a given
cell k, which occludes all other markers at that location (e.g., M5 at cell
ky and M4 at k; in Figure 3). This is expressed as:

qr (k) = wy (k). 1)

Next, we compute the total anomaly index values of all markers
occluded by the topmost marker at cell k that belong to the same class
as the topmost marker (e.g., M4 in (b) of Figure 3). This quantity is
given by Equation (2):

azm )= ak)}, @)

where 1{-} denotes the indicator function, which returns 1 if the con-
dition is satisfied and O otherwise. This allows for the identification
of data points that both cover a cell and belong to the same class as
the topmost marker. By aggregating the total anomaly index values of
such same-class occluded data points at cell k, we compute a weighted
sum. This sum is then scaled by a task-specific coefficient A (ranging
from 0 to +o0), which reflects the relative importance of data points
occluded by others from the same class (the larger the value, the more
important they are considered). For example, in the scenario shown in
Figure 1, data points occluded by same-class data points do not hinder
anomaly identification; therefore, a smaller A value is used to indicate
their lower importance.

Similarly, we compute the total anomaly index values of all markers
occluded by the topmost marker at cell k that belong to a different class
than the topmost marker (e.g., M1, M2, and M3 in (b), or M1 in (c) of
Figure 3). This is expressed in Equation (3):

Bzwt
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where B (ranging from O to +o0) denotes the importance for data
points (markers) occluded that belong to a different class than the
topmost marker in the scatterplot. For example, in the scenario shown
in Figure 1, data points covered by different-class data points affect a lot
on anomaly identification so a bigger 8 value is used to indicate their
higher importance. At this stage, we have computed the total anomaly
index values of hidden markers for each cell k, including those that
belong to the same class as the topmost marker and those that belong to
different classes as the topmost marker. The hidden information g, (k)
for each cell k is then defined as:

qn(k) = qs(k) +qq (k). @)

We calculate the hidden information degree o(k) at each cell k, which
helps identify where anomalies are located in a scatterplot. This metric
informs users whether cell k contains occluded data points with high
anomaly index values, and is defined as:

o) — mi
o) — (k) —min(gy)
max(q,) —min(gy)
where it ranges from O to 1, with 0 indicating minimal hidden informa-
tion and 1 indicating severe hidden information. Finally, we sum these

values across all cells and assess the final overlap degree value for a
multi-class scatterplot, as shown in Equation (6):
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The final quality value, Q, effectively integrates the contributions
from both the hidden same-class data points and those from different
classes, relative to the total anomaly index values of all markers across
all cells, thereby providing a comprehensive measure of the underlying
data point structure across the cells. It ranges over (0,1], where 0
corresponds to poor quality with significant overlap, while 1 indicates a
perfect scatterplot with no overlap for the anomaly identification task.

3.4 Computational Complexity

All our methods involve three main computational steps: anomaly index
computation, discretization, and overlap computation. Thus, the overall
computational complexity can be expressed as:

O = O(Anomaly) + O(Discretization) + O(Overlap),

where O(Discretization) = ns and &'(Overlap) = hw (see Table 2 for
notation details). However, O(Anomaly) depends on the specific
anomaly index computation method used. The computational com-
plexity of the anomaly index computation in LOF-Anl is O(nlogn).
For MD-Anl and ALMD-Anl, the anomaly index computation has a
complexity of O(n?/k). Therefore, the overall computational complex-
ity of our methods is either O(nlogn +sn-+hw) or O(n*/k -+ sn-+hw)
(see Table 2 for notation details). Based on this computational com-
plexity analysis, LOF-Anl is less time-consuming than MD-AnlI and
ALMD-AnI.

4 [EVALUATION

We conducted an evaluation to demonstrate the efficiency, effective-
ness, and sensitivity to marker size and rendering order of our method,
compared to baseline methods (see Table 2). The evaluation consists
of four steps. First, we describe the data preprocessing procedures,
including how the datasets were collected, the scatterplots were gen-
erated by varying visual features (marker sizes and rendering orders),
and the ground truth was constructed for evaluating the effectiveness of
different methods. Second, we introduce the evaluation tasks and the
corresponding metrics used to assess the performance of each method.
Third, we present the baseline methods used for comparison. Finally,
we analyze the results of the comparison between our method and the
baseline methods to validate the performance of OM4Anl.

(a) (b)

Fig. 4: The shapes of clusters in the datasets generally fall into four
categories: (a) curve clusters, (b) linear clusters, (c) circular clusters,
and (d) elliptical clusters.

4.1 Data Preprocessing

The dataset preprocessing consists of three steps: 1) We collected
datasets from generated synthetic datasets to cover a range of data
distribution patterns and Sedlmair’s datasets from the work [37]; 2) We
varied two visual factors—marker size and rendering order—to gener-
ate scatterplots from the collected datasets. This variation allows the
scatterplots to represent diverse visual patterns. 3) We constructed the
ground truth data for evaluating the effectiveness of different methods.
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To evaluate OM4Anl under diverse conditions, we created synthetic
datasets featuring multiple clusters with varying structural and data
characteristics. The dataset generation process began by constructing
functions to generate clusters of data points with specific distributions
(see Figure 4), and then embedding the clusters produced by each func-
tion into a single dataset to simulate multi-class datasets (see Figure 6).

The first two functions in Figure 4 generated the curve-shaped and
linear-shaped clusters shown in Figure 4a and Figure 4b. The curve-
shaped cluster is based on the function y = 0.1x> + 0.6x> + 0.4x. Using
this function, we randomly generated x values uniformly distributed
in the range [0, 10]. The corresponding y values were then calculated
using the function, with added noise uniformly distributed between —2
and 2. After generating all x and y values, the y values were scaled
to fall within the range [0, 10]. This approach allows the function to
produce curve-shaped cluster data with both x and y values constrained
to the range [0, 10]. Similarly, the Figure 4b function follows the same
procedure to generate a cluster of data points, except that it was based
on the linear function y = 4x. This function also produces a variety of
data points, with both x and y values falling within the range [0, 10].
Each dataset includes four attributes: x and y coordinates, shape, and
class.

The other functions generate the circular-shaped and elliptical-
shaped clusters. In Figure 4c, we defined a function to generate data
following a normal distribution in a 2D array. The center, and center,
values of the data center are randomly selected from the range O to
30, and the scale (standard deviation) is set to [1, 2]. The function in
Figure 4d generates data points with elliptical shapes using a uniform
distribution over the area of the ellipse. It defines the cluster’s center
(the same as for circular-shaped clusters) and axes (axisy and axisy,
randomly selected from the range 1 to 2), samples angles (8) uniformly
from [0,27), and radial distances from VU, where U is uniformly
distributed over [0, 1). The polar coordinates are then transformed into
Cartesian coordinates using x = r-axis, - cos(0) and y = r-axis, - sin(0).
The resulting x and y values are output as coordinates for generating
scatterplots. Similar to (a) and (b), each dataset includes four attributes:
x and y coordinates, shape, and class.

Each multi-class dataset was generated as follows: We first defined
the number of classes (n) in a dataset, and then randomly select one of
the functions to generate a cluster with a certain number of data points
(m) and assign them class labels ranging from 1 to n. and then repeat the
process n times to generate n clusters. Thus, the final dataset contained
a total of M = m +my + ...+ m, data points, where m,, denotes the
number of data points in cluster n. To increase variability, clusters
were randomly translated (between —5 and 5) and rotated (from 0° to
360°) within the plotting area. Additionally, a portion of the data points
within each cluster was randomly reassigned to different class labels
to simulate anomalous data points. This reassignment was performed
at three levels: small (0 or 1-3 points), medium (0 or 4-6 points), and
large (0 or 7-9 points). In each reassignment process, the value 0 was

Data Collection and Generation



Table 1: Summary of datasets, including our synthetic datasets and those
collected from Sedimair’s datasets.

Our data  Sedlmair’s data
No. of Datasets 81 243
No. of Well-separated Datasets 41 38
No. of Data Points 100-2500 T77-7776
No. of Classes 2,3,5 2-53
Cluster Shapes All shapes All shapes

assigned with a 40% probability; thus, at each level, there was a 60%
probability of generating a non-zero number of anomalous points and a
40% probability not assigning any anomalous points.

This generation process allowed for control over the number of
clusters, data size, and the amount of anomalies. Multiple datasets
were generated for each configuration to capture variability and support
robust evaluation. The features used during dataset generation were the
number of data points (rm = 100, 200, or 500), the number of classes
(n=2, 3, or5), and the level of anomalies (small, medium, or large).
Each combination of these features was repeated three times. In total,
we generated 81 synthetic datasets (3 data point groups x 3 class groups
x 3 anomaly levels x 3 repetitions = 81).

The second part of the datasets (Sedlmair’s datasets) is drawn
from [37], including 81 real and synthetic datasets with more than two
dimensions. These real datasets were obtained by contacting colleagues
or from online repositories. Sedlmair’s datasets include a categorical
feature (class information), while the remaining features are numerical.
We processed these datasets using three commonly used dimensionality
reduction (DR) methods—t-SNE [41], PCA [17], and UMAP [29]—to
reduce the datasets from more than two dimensions to two, using only
the numerical features (excluding the class feature). All final datasets
contain three features: 1, 2, and class. The features 1 and 2 represent
the reduced dimensions, and class contains the categorical labels.
Through DR methods we totally obtained 243 datasets (81 raw datasets
%X 3 DR methods) in Sedlmair’s datasets.

Combining our synthetic datasets with Sedlmair’s datasets, we col-
lected a total of 324 datasets (243 + 81 = 324; see Table 1). Based on
the preprocessing steps described above, we summarized the character-
istics of the collected datasets as follows: (1) the number of data points
ranges from 77 to 7776; and (2) the number of classes ranges from 2 to
53.

4.1.2 Scatterplot Generation

For each dataset, we generated scatterplots by varying two visual fea-
tures: marker size and rendering order. Scatterplots were created using
the Matplotlib library in Python, with a figure size of (10,8) inches
and a resolution of 100 DPI. Margins were set as follows: left = 0.15,
right = 0.75, top = 0.9, and bottom = 0.1. Marker size was set to four
values: 10, 60, 110, and 160. Additionally, data points were rendered in
different sorted sequences to simulate various overplotting conditions.
We used three rendering order methods: random order, in which we
shuffled the data and rendered with the random sequence; category-
based rendering, in which data points are rendered one class at a time;
and OM4Anl order, in which data points with higher anomaly index
values are rendered later.

In total, this process yielded 3,888 scatterplots (324 x 3 rendering
order methods x4 marker sizes) for analysis. However, some of the
generated scatterplots did not exhibit clear clusters or showed no sep-
aration between clusters. One of the co-authors manually annotated
the scatterplots based on the criteria illustrated in Figure 5 and selected
datasets whose clusters were well separated (i.e., containing only ’Sep-
arated’ correlations between each pair of clusters). As a result, we
obtained 492 scatterplots (41 datasets) from our synthetic datasets and
456 scatterplots (38 datasets) from [37], resulting in a total of 948
scatterplots.

Figure 6 shows four scatterplots generated from two datasets: (a)
and (b) are from one dataset, while (c) and (d) are from another. The
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Fig. 5: lllustration of the relationship between each pair of clusters. Only
datasets with clearly separated correlations between each cluster pair

were retained in our evaluation.

difference between (a) and (b) lies in the marker size: (a) uses a size
of 60, whereas (b) uses a size of 110. The difference between (c) and
(d) is the rendering order: (c) uses a category-based rendering order,
while (d) uses OM4Anl order. The CCOP serves as the ground truth,
we introduce it in Section 4.1.3.

4.1.3 Constructing the Ground Truth

Human judgment-based evaluation is not suitable as ground truth, as
our methods are designed to quantify hidden anomalies. As noted by
Sedlmair and Aupetit [36], “There might be patterns in the data that a
human simply cannot directly ‘see’, or what she sees might just be an
artifact of how the data has been abstracted and encoded.” Moreover,
constructing a ground truth by simply counting the number of data
points occluded by others from different classes fails to accurately
capture how much anomaly information is hidden, since many data
points are only partially covered.

Therefore, in this paper, we constructed the ground truth by calculat-
ing the number of pixels in each marker that are occluded by markers
from different classes; we refer to this as Cross-Class Occluded Pixels
(CCOP). First, we implemented Step Two in Figure 2 to discretize the
scatterplot into a matrix representation, where each cell in the matrix
represents a pixel in the scatterplot. We then calculated how many
pixels each marker covers and identified which specific pixels it covers.
Finally, we computed the CCOP for each marker and summed the total
CCOP across all markers.

4.2 Tasks and Measures

We designed our evaluation tasks according to three aspects: effi-
ciency under different data sizes, overall effectiveness, and sensitivity
to marker size and rendering order. For the efficiency of OM4Anl,
we first grouped the datasets based on the number of data points and
then analyze the time cost trends of each method as the number of data
points increases.

For the effectiveness of VQMs, the task is grounded in the ground
truth and focuses on identifying the correlation between the total num-
ber of CCOP and the values produced by each VQM method. Since the
methods operate on different value scales (e.g., some range from O to 1,
while others extend from 0 to +0) and exhibit different directions of
correlation with anomaly information (e.g., some show a positive corre-
lation while others show a negative correlation), We use the presence or
absence of monotonic trends in the relationship between quality values
and CCOP to compare the effectiveness of the methods.

For sensitivity to visual features, we assess whether the quality values
change under different visual conditions. Specifically, we examine how
the values produced by different methods vary across four marker sizes
and three rendering orders. To do this, we grouped all scatterplots into
different sets based on marker size or rendering order and then analyzed
how the values produced by different methods vary across the different
levels of each of the two visual features.

4.3 Baseline Methods

After reviewing related works on VQMs for measuring the overlap
of scatterplots (see Section 2.2.2), we selected six baseline methods.
Among the six baseline methods, only DSC is a task-based approach,
while the other five methods are task-agnostic. Regarding the granular-
ity level, GDOD, KDOD, and DSC operate at the data level, VI and
PBBOD at the marker level, and MP at the pixel level. Thus, the three
methods operating at the data level are not sensitive to marker size,
whereas the other three baseline methods are sensitive to marker size.
However, all these baseline methods are not sensitive to rendering order.



Table 2: Summary of our methods and baseline methods.

Method Groups ~ Abbreviation  Direction of Correlation ~ Computational Complexity ~ Value Range = Task Dependency Granularity Level

MD-Anl Higher-is-Better O(n? /k+sn+ hw) [0,1] Task-based Pixel level
Our methods LOF-Anl Higher-is-Better O(nlogn+ sn+hw) [0,1] Task-based Pixel level
ALMD-AnI Higher-is-Better O(n? /k+sn+ hw) [0,1] Task-based Pixel level

VI Higher-is-Better O(hwn) [0,1] Task-agnostic Marker level
GDOD Lower-is-Better O(n+hw) [0,1] Task-agnostic Data level

Baseline PBBOD Lower-is-Better O(n® + hwn) [0,1] Task-agnostic Marker level
methods MP Lower-is-Better O(n+hw) [0,00) Task-agnostic Pixel level
KDOD Lower-is-Better O(hwn) [0,00) Task-agnostic Data level
DSC Lower-is-Better O(nk) [0,1] Task-based Data level

Note: "Higher-is-Better" indicates that higher metric values correspond to better quality with less overlap; "Lower-is-Better" indicates that lower measure scores
correspond to better quality with more overlap. "n" denotes the data size; "k" denotes the number of classes; "s" denotes the number of cells occupied by a single
marker; "h" denotes the number of cells in vertical dimension; "w" denotes the number of cells in horizontal dimension.

Abbreviations: MD-Anl = Mahalanobis Distance-Anl; LOF-Anl = LOF-Anl; ALMD-AnI = Average Linkage Method-AnlI; VI = Visibility Index [40]; GDOD
= Grid Density Overlap Degree [24]; PBBOD = Pairwise Bounding Box Overlap Degree [18]; MP = M, [42]; KDOD = Kernel Density Overlap Degree [32];

DSC = Distance Consistency [39].

Only VI produces higher values when the scatterplot has less overlap,
while the other five methods exhibit the opposite correlation. Regard-
ing computational complexity, PBBOD is the most time-consuming
method compared to the other five baseline methods. We introduce the
six methods for comparison (see Table 2):

(1) VI [40] is a task-agnostic approach to measure the percentage of
glyphs that are not completely overlapped by other glyphs, thereby
assessing the visibility of markers, with a computational complexity of
O(hwn) (see notation in Table 2). As it is computed at the marker level,
the measure can be affected by marker size. The value ranges from 0
to 1, where O indicates low quality and 1 indicates perfect quality.

(2) GDOD [24] is a task-agnostic approach that calculates the number
of grids in the scatterplot and maps data points onto these grids; if
more than one data point falls within a single grid, overlap is identified.
The computational complexity is O(n+ hw). As it is a data-level com-
putation, the method is not sensitive to either marker size or rendering
order. The measure ranges from 0 to 1, where 0 indicates poor quality
and 1 indicates good quality.

(3) PBBOD [18,33] is a task-agnostic approach to measure the ratio of
the intersection area between each pair of markers to the smaller of the
two marker areas. The final value is computed as the average of these
ratios. The computational complexity is O(n2 -+ hwn), as it requires
computing interactions between each pair of data points. It is sensitive
to marker size, since it is computed at the marker level, but it is not
sensitive to rendering order. The measure ranges from O to 1, where 0
indicates low quality with high overlap, and 1 indicates high quality
with minimal overlap.

(4) MP [42] is a task-agnostic approach that counts the number of
pixels occupied by more than two markers as well as those occupied
by at least one marker. The computational complexity is O(n+ hw).
As a pixel-level computation, it is sensitive to marker size but not
sensitive to rendering order. Its range extends from 0 to 4o, where 0
indicates high quality with minimal overlap, and quality decreases as
the measure value increases.

(5) KDOD [32] is a task-agnostic approach that estimates the density
distribution of data points using kernel density estimation. The com-
putational complexity is O(hwn). It is not sensitive to marker size or
rendering order, as it is computed at the data level. The measure ranges
from O to +oo, where 0 indicates better quality with less overlap.

(6) DSC [39] is a task-based approach that measures cluster separation
by computing the proportion of data points whose nearest class centroid
(center of mass) does not match their true class. Each point is assigned
to the class whose centroid is closest in the scatterplot space. The
computational complexity is O(nk). It is not sensitive to marker size,
as it is computed at the data level. The measure ranges from 0 to oo,
where a lower value indicates better class separability.

4.4 Parameter Settings and Algorithm Implementation

We describe the parameter selection process for both our methods and
the baseline methods. For all of our methods, we set 8 to 10 and A to

0, as in this scenario, anomalies are data points located in a cluster to
which they do not belong. This means that data points from different
classes within the same cluster are the ones users want to observe. The
number of pixels is determined by /& and w (see Section 3.4), where
we set i to 800 and w to 1000. These values correspond to the pixel
dimensions used when generating scatterplots in Section 4.1.2, where
h =100 DPI x 8 inches and w = 100 DPI x 10 inches. For the baseline
methods whose calculations depend on pixel or grid dimensions, we
used the same number of pixels as in our methods (w = 1000 and
h = 800) to ensure comparability.

OM4Anl was implemented in Python, utilizing the scikit-learn
and scipy libraries to implement various machine learning algorithms,
including Mahalanobis Distance t-SNE, UMAP, and PCA. For evaluat-
ing different VQMs, all computational tasks were executed in parallel
on the Aire high-performance computing (HPC) platform at the Uni-
versity of Leeds, using standard CPU nodes equipped with AMD Dual
84-core 2.2 GHz (9634 Genoa-X) processors and 768 GB of DDR5
memory.

4.5 Results

We compared the performance of our three method with six baseline
methods to evaluate their efficiency, effectiveness, and sensitivity under
various conditions. In this section, we first evaluate the time cost of
each method under varying numbers of data points. We then assess
the effectiveness of OM4Anl by analyzing the correlation between its
results and the number of CCOP. Finally, we examine the sensitivity of
OM4Anl to marker size and rendering order.

4.5.1

We measured the computational time of all methods across varying data
sizes (see Figure 7). For each method, we imposed a maximum time
limit of 15 seconds; if computation reached this limit, we terminated
the process and proceeded to the next instance. This threshold reflects
the assumption that users are unlikely to wait more than 15 seconds for
the results of a VQM.

Figure 7 plots computational time against data size, with each line
representing a different method. Notably, PBBOD exhibits substantial
variation as data size increases, reaching 4.5 seconds even at a small
data size of approximately 300. The PBBOD curve terminates at
this point, as it fails to produce results within 4.5 seconds under our
experimental conditions. In contrast, the remaining methods maintain
runtimes below 2 seconds until the data size reaches 8,000. Beyond
10,000, ALMD-AnlI displays a steeper increase in computational time
relative to the other methods, approaching approximately 4 seconds at
a data size of 14,000. Excluding PBBOD, our three proposed methods
incur higher computational times than the baseline methods.

Time Cost Analysis

45.2 Effectiveness Analysis

To evaluate the effectiveness of OM4Anl, we plotted a violin chart in
Figure 8 comprising nine subplots. The first three subplots correspond



No. of data points: 1000

No. of classes: 2

No. of CCOP: 765

Marker size: 60

Rendering order: Category-based
Cluster shape: [linear,circular]

No. of data points: 1000

No. of classes: 2

No. of CCOP: 1531

Marker size: 110

Rendering order: Category-based
Cluster shape: [linear,circular]

No. of data points: 600

No. of classes: 5

No. of CCOP: 494

Marker size: 60

Rendering order: Category-based
Cluster shape: [curve,elliptical,circular]

No. of data points: 600

No. of classes: 3

No. of CCOP: 9

Marker size: 60

Rendering order: OM4An|

Cluster shape: [curve,elliptical,circular]

Fig. 6: Examples of generated scatterplots. Each scatterplot is characterized by six features: number of data points, number of classes, number of
CCOP, marker size, rendering order, and cluster shape. The difference between (a) and (b) is the marker size; (b) has a larger marker size, which
leads to more CCOP. The difference between (c) and (d) lies in the rendering order method: the OM4Anl order reduces the number of CCOP.
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Fig. 7: Computational time versus dataset size. The x-axis denotes the
number of data points, and the y-axis denotes computational time (in
seconds). Each curve represents a different method; PBBOD is the most
time-consuming.

to our method—each employing a different anomaly-index computation
strategy—while the remaining six depict baseline methods. Because
VQM values differ in both scale and correlation direction with overlap
extent, our primary objective in analyzing these violin plots is to identify
monotonic trends between No. of CCOP and quality scores generated
from different methods. Additionally, each red dot and its associated
label reference the matching scatterplots in Figure 6, allowing us to
inspect CCOP values and the corresponding scatterplot results for four
selected examples.

Overall, the three methods exhibit more consistent monotonic trends
than the six baseline methods. When the CCOP count is zero, all
three methods cluster around 1, although their minimum values drop
below 0.25. As the CCOP count increases, the distributions for our
methods display a pronounced decreasing trend, with only a slight
deviation at the final x-axis value (10433). The four scatterplot ex-
amples—indicated by red dots—can be ordered by decreasing quality
(VQM) values as follows: d (average CCOP =9), c (average CCOP =
494), a (average CCOP =765), and b (average CCOP = 1531). This or-
dering highlights a strong negative correlation between quality (VQM)
values and CCOP, thereby validating the monotonic consistency of our
methods.

Compared to our methods, the baseline methods are less effective.
VI does not exhibit a monotonic trend, and many of the results gener-
ated by GDOD are close to 0. Although PBBOD shows a relatively
better monotonic trend, it lacks results for two groups corresponding
to CCOP values of 4943 and 10433. MP also fails to demonstrate
a monotonic trend. Similarly, KDOD does not exhibit a monotonic
trend, with most values clustering around 0.03. DSC likewise does not

display a clear monotonic trend, with most of its values concentrated
near 0. The red dots further illustrate the weakness of the baseline
methods: in VI, GDOD, MP, KDOD, and DSC, the quality values
do not show meaningful changes with respect to the number of CCOP.
In contrast, PBBOD does not include red dots because it did not com-
pute the results for the four scatterplots, which is consistent with the
time cost results in Section 4.5.1, indicating that PBBOD failed to
produce results in many cases within 15-second computation under our
experiment environment.

4.5.3 Sensitivity Analysis

We analyzed the sensitivity of the methods to two visual features to
assess how they respond to changes in visual feature values. As men-
tioned earlier, for each dataset, we generated scatterplots using four
marker sizes and three rendering orders. In this analysis, we divided
all generated scatterplots based on the levels of marker size or render-
ing order, depending on which visual feature’s sensitivity was being
examined. We then plotted violin charts to show how the VQM values
are distributed at each level in one of the two visual features and how
they change across different levels of each feature (see Figure 9 and
Figure 10), in order to analyze the sensitivity of the methods to these
visual features.

Figure 9 illustrates the sensitivity of different methods to marker
size. Similar to Figure 8, the first row presents our three methods, while
the subsequent violin plots display the baseline methods. Each violin
plot depicts the full distribution of VQM values across all scatterplot
configurations for the corresponding method. Additionally, each violin
plot is annotated with labels referencing Figure 6a and Figure 6b, which
are generated from the same dataset and share identical features except
for marker size—60 for (a) and 110 for (b).

To analyze the sensitivity of the methods to marker size, we ex-
amined the distribution of VQM values across different marker sizes.
All of our methods show a continuous decrease in values from size
10 to 160. VI also demonstrates a continuous decrease, indicating its
sensitivity to marker size. Two other baseline methods—PBBOD and
MP—exhibit sensitivity to marker size, with their values increasing as
marker size increases. In contrast, the remaining three baseline meth-
0ds—GDOD, KDOD, and DSC—do not show sensitivity to marker
size, as their distributions remain largely unchanged. By examining the
red dots that correspond to the two scatterplots, from marker size 60
to marker size 110, all three of our methods and VI show decreasing
trends from scatterplot Figure 6a to Figure 6b, while MP shows an
increasing trend. GDOD, KDOD, and DSC show no change when the
marker size changes. In contrast, PBBOD did not compute the VQM
results for the two scatterplots within in 15 seconds due to its high time
cost.

Figure 10 shows the sensitivity of different methods to rendering
order. The first difference from Figure 9 is the x-axis of each subplot;
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Fig. 8: Distribution of VQM values vs the average number of CCOP. The x-axis denotes the average CCOP count within each range, and the y-axis
denotes the VQM values for each method. The three proposed methods (first row) exhibit more consistent and monotonic trends compared to the six
baseline methods; only at the largest CCOP value (10,433) they show a slight deviation. Red markers correspond to the scatterplots in Figure 6,
illustrating that our methods yield distinctly separable quality values, whereas the baseline methods do not.
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Fig. 9: Distribution of VQM values across different marker sizes. The x-axis denotes marker size, and the y-axis denotes VQM values for each
method. All three proposed methods, as well as VI, PBBOD, and MP, exhibit sensitivity to marker size, whereas GDOD, KDOD, and DSC remain
largely invariant across the four tested sizes. Red markers correspond to the scatterplots in Figure 6, illustrating the evolution of VQM values as

marker size increases from 60 (Fig. 6a) to 110 (Fig. 6b).

in this case, the x-axis represents the rendering order, which includes
three categories: OM4Anl, category-based, and random. The second
difference is the inclusion of red dots indicating the corresponding
scatterplots. In this case, we added scatterplots Figure 6c and Figure 6d,
as they are based on the same datasets and features, except for the
rendering order.

Based on the violin-plot distributions in Figure 10, only our three
proposed methods exhibit sensitivity to rendering order: their VQM
values decrease slightly as the rendering strategy shifts from OM4Anl
order to category-based to random. In contrast, all six baseline methods
remain essentially unchanged across the three orders. The red markers
for scatterplots (d) and (c) corroborate this finding: only our methods’

quality values differ between OM4Anl and category-based rendering,
whereas the baseline methods show no variation. Additionally, PBBOD
fails to compute results for these two scatterplots within the 15-second
time limit due to its high computational cost.

5 DISCUSSION AND LIMITATIONS

Effectiveness and Efficiency. The evaluation showed that our meth-
ods outperformed the baseline methods. Specificly, ALMD-AnlI and
MD-Anl consistently achieved better continuously monotonic trends
with respect to the number of CCOP, outperforming all the baseline
methods (see Figure 8). This is primarily because ALMD-AnI and
MD-Anl accounts for all the data, allowing it to better handle complex
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distribution shapes.

In terms of efficiency, compared to the remaining baseline methods
(except for PBBOD), our methods required more computation time.
Nevertheless, based on the experiments, when the dataset size reached
14,000, our methods took only 1-2 seconds longer than the other base-
line methods, which is considered acceptable. In general, Figure 7
shows results that are consistent with the theoretical computational
complexity: PBBOD is the most time-consuming method with O(n?)
complexity, followed by our three methods with O(n? /k) and O(nlogn)
complexities. The remaining baseline methods have lower complexity,
at O(n).

Our methods consider three candidates while computing the anomaly
index: Mahalanobis distance, LOF, and the Average Linkage method
based on Euclidean distance. Mahalanobis distance quantifies how far
a point is from the center of a data distribution while accounting for
the spread, scale, and correlation between the two variables (x and
y coordinates). Therefore, using Mahalanobis distance to calculate
a point’s anomaly index relative to its cluster partially reflects the
underlying distribution. This allows it to accurately assess anomalies in
both spherical and elliptical clusters, including rotated elliptical clusters.
LOF is a density-based anomaly detection method that compares the
local density of each point to that of its neighbors. It does not assume
any particular distribution or trend, and instead estimates the anomaly
index solely based on local density. The Average Linkage method,
based on Euclidean distance, estimates the anomaly index by computing
each point’s average Euclidean distance to all other points. This method
may misclassify points in elongated clusters as outliers, making it less
effective for data with elongated distributions. There is no method
that perfectly fits all distribution scenarios. In future work, we plan
to enhance our quality metrics by calculating the anomaly index in a
way that better accounts for each cluster’s shape and its corresponding
anomaly patterns. This may involve either automatically selecting an
appropriate anomaly index computation strategy for each class in a
scatterplot or allowing users to choose a method based on their specific
task.

Sensitivity to marker size and rendering order. Our methods
show good sensitivity to both marker size and rendering order, as the
computation considers the number of pixels each marker occupies
and their rendering sequence. All the other baseline methods are not
sensitive to rendering order, as they do not consider which marker
should be rendered earlier or later. Regarding sensitivity to marker size,
among all our methods and the baseline methods, only three methods
are not sensitive to marker size (GDOD, KDOD, and DSC), which
aligns with the theoretical explanation introduced in Section 4.3.

Usability of OM4Anl. As introduced earlier, our method provides a
quantitative value for a scatterplot, enabling users to determine whether
anomalous data points are occluded. Therefore, users can use OM4Anl
as a metric to select the best-performing scatterplot from multiple can-
didates generated with different parameters and visual factors. Beyond
selection, our method can also be employed as a metric for evaluating
scatterplots for specific task, as demonstrated in the work of Sedlmair
and Aupetit [36]. Another application of our method is to improve
scatterplot design by adjusting parameters and visual features (Please
refer to Section 3 of the supplementary material for an example ap-
plication). Since our method can compute the quality of scatterplot
without rendering the scatterplot, it can be easily incorporated as an ob-
jective function in optimization algorithms for automatically generating
improved scatterplots.

Scalability. Multi-class scatterplots typically use different colors
as the third visual channel (i.e., using color to distinguish between
classes). However, there are alternative ways to represent this channel,
such as using different shapes. Since OM4Anl computes quality scores
based on pixels, it is sensitive to marker shapes. Therefore, OM4Anl
is scalable to other multi-class scatterplots that use shapes as the third
visual channel. Besides, our current method assumes that the labels for
false positive and false negative anomalies are unknown. We compute
anomaly indexes based on the relative positions of individual data
points within their respective clusters. However, if the anomaly labels
and their types are known in advance, our method can be adapted
accordingly. The main idea is to assign anomaly indexes of either O
or 1 to each data point. We then calculate the total number of pixels
corresponding to markers labeled as 1. The greater the number of
pixels labeled as 1 that are occluded, the lower the quality value of the
scatterplot. We plan to implement this approach in future work.

Limitations. (1) Our method has limitations when considering the
opacity of scatterplots. In the current approach, we assume all data
points are fully opaque, meaning that if a data point is occluded by
others—regardless of how many—it will be considered completely in-
visible to users. In future work, we plan to extend our current approach
by considering the opacity of marker sizes. We propose the following
strategies to improve our method. First, we aim to utilize the relevant
theory of opacity markers to analyze the correlation between human
perception and the cumulative effect of transparent markers. Exploring
this relationship will help us understand how opacity values and the
number of transparent markers influence scatterplot readability, and
consequently, affect the reliability of our method. Second, we also plan
to conduct a user study to further investigate the correlation between
opacity, the number of occluded markers, and marker visibility. Based



on the findings, we intend to derive practical guidelines for applying
opacity in various overplotting scenarios, thereby supporting the devel-
opment of more effective VQM. (2) When marker sizes are reduced,
our measuring score increases because overplotting is minimized. How-
ever, this leads to a limitation: if the marker size becomes so small that
the markers are no longer visually distinguishable to users, the output
value may produce unrealistically high values due to the near absence
of overplotting. This is not practical for real-world applications, where
human visual perception must be considered. (3) Our current datasets
contain fewer than 20,000 data points. The computational time cost
may increase as the data size becomes larger (e.g., in the millions). In
such cases, it may be necessary to explore alternative efficient methods
for computing the anomaly index. (4) Our method performs well on
well-separated multi-class scatterplots. However, it has limitations in
cases with low class separability. We did not include such unseparated
cases in our evaluation because, to the best of our knowledge, alterna-
tive approaches may be more suitable for identifying anomalies when
multi-class scatterplots exhibit significant overlap.

6 CONCLUSION

This paper introduced a visual quality measure (VQM) —OM4AnI
for assessing overlap in the context of anomaly identification in multi-
class scatterplots. The proposed method first computes the anomaly
index values using embedding methods (e.g., Mahalanobis distance),
then projects all markers onto a grid (each cell in the grid represents
a pixel) while incorporating key visual features such as marker size
and rendering order. It then calculates cell-level quality values, which
are aggregated to produce the final quality score. Evaluation results
comparing OM4Anl with six baseline methods show that OM4AnlI
outperforms them by exhibiting more monotonic trends with respect
to the ground truth and greater sensitivity to rendering order. Overall,
OM4Anl provides a meaningful assessment of how well a scatterplot
supports anomaly identification. It also shows promise for applications
in scatterplot evaluation and optimization through automated parameter
tuning.
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