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Identifying OM4Anl’s Effectiveness in the Context of Explainable Al
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ABSTRACT

Scatterplots are widely used in Explainable Artificial Intelligence
(XAI) to investigate misclassifications and patterns across in-
stances. However, a significant limitation of scatterplots is over-
plotting, especially when working with large datasets. Although
several quality metrics have been proposed to measure the degree
of overplotting, none have been demonstrated to be effective in the
context of XAl This paper aims to evaluate the effectiveness of a
quality metric, called OM4Anl, in XAl scenarios. We begin by
summarizing two visual patterns — cluster-based and regression-
based patterns — that support three common XAl tasks: feature
importance, feature dependency, and model accuracy. We also in-
troduce how to select the parameters of OM4Anl based on these
patterns. We construct two case studies to identify the effective-
ness of OM4Anl using public datasets: Census Income dataset and
MNIST dataset. OM4Anl is applied to both scenarios under various
visual conditions (e.g., marker size and rendering order) to assess
its effectiveness. The results demonstrate that OM4Anl serves as
an effective quality metric for these two common XAI scenarios,
paving the way for adapting other quality metrics to be scalable
within XAI contexts.

Index Terms: Visual quality metrics, scatterplots, explainable Al,
evaluation of quality metric

1 INTRODUCTION

Explainable Artificial Intelligence (XAI) [35] refers to Artificial In-
telligence systems or methods that maintain human oversight, and
it has become a popular research area. XAI helps machine learning
(ML) experts better understand and improve their models. The XAl
process typically involves three primary stages: model understand-
ing, performance evaluation and enhancement, and stakeholder
communication [31]. Common XAI tasks within these stages in-
clude investigating feature importance, feature dependency, and
model accuracy. Scatterplots are widely utilized in these tasks, e.g.
to visualize SHAP values [30] representing local feature dependen-
cies or to display misclassifications using t-SNE [33] output.
Scatterplots are a fundamental technique in data visualization,
used to represent the relationship between two numerical variables.
By plotting individual data points on a two-dimensional grid, scat-
terplots help in identifying patterns, trends, and potential outliers
within the dataset. A key issue with scatterplots is overplotting,
especially with large datasets, where the overplotting affects the
observation of users from scatterplots because of the covered data
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points. Therefore, quality metrics that assess the effectiveness of
scatterplots are valuable techniques for visualization designers aim-
ing to improve their designs.

Existing quality metrics can be categorized into three groups [6].
The first category includes fundamental quality metrics, which
measure basic properties of scatterplots, such as aspect ratio or
screen occupation percentage. The second category consists of
metrics that assess the visual effectiveness of scatterplots, such
as the correlation between two variables [32] or cluster separa-
tion [29, 16], to evaluate how well a scatterplot conveys the under-
lying data. The third category includes feature preservation metrics,
which assess whether the abstracted data or dimensions retain the
characteristics of the original data [15, 5].

However, existing quality metrics across all three categories for
scatterplots have not demonstrated sufficient effectiveness in XAI
applications, particularly in the context of feature importance and
model accuracy. This paper aims to address this gap by applying a
recently developed quality metric, OM4Anl (Overlap Measure for
Anomaly Identification) [23], which belongs to the second category
of metrics, those that assess the visual effectiveness of scatterplots,
within the context of XAI. We begin by summarizing two visual
patterns relevant to three common XAl tasks. We then evaluate the
effectiveness of OM4Anl in two typical XAl scenarios correspond-
ing to the two visual patterns. The first scenario involves identifying
feature importance using an XGBoost model applied to the Census
Income dataset; the second assesses model accuracy using a Convo-
lutional Neural Network (CNN) [22] applied to the MNIST dataset
[11]. The results show that OM4AnlI accurately reflects changes in
scatterplot quality as visual factors, such as marker size and ren-
dering order, cause information to become more or less visible. It
demonstrates strong potential for evaluating scatterplot quality in
XAI contexts, although some limitations remain.

2 BACKGROUND AND RELATED WORKS

Our paper focuses on evaluating quality metrics for scatterplots in
the context of XAIL Our literature review is structured into two
parts: (1) the main XAl tasks that ML experts perform and the ways
that scatterplots are used in those tasks, and (2) the quality metrics
associated with scatterplots.

2.1 XAl Tasks and Scatterplots

In XALI, the process is categorized into three primary stages as out-
lined by Spinner et al. [31]: (1) understanding the functionality of
a specific model; (2) evaluating the model to identify issues and
enhance its performance through analysis of its outputs; and (3)
engaging with stakeholders to communicate insights. Within these
stages, we identify three popular tasks in XAl: investigating feature
importance, feature dependency, and identifying model accuracy.
Scatterplots are extensively used in XAl to analyze the three tasks
through various visual patterns, such as cluster, outlier, linear cor-
relation, and manifold. Cluster refers to points that form distinct
groups or clusters, indicating subgroups within the data. Outlier
identifies points that significantly deviate from the general data pat-
tern. Linear correlation represents points that align in a straight-line



pattern, indicating a linear relationship between variables. Mani-
fold describes points that form a non-linear yet continuous shape or
curve, reflecting more complex relationships.

Both cluster and outlier detection can be employed to assess
model accuracy (see, e.g., [20]). ML experts often use scatterplots
to explore misclassification instances through projection views,
where high-dimensional data is mapped onto a 2D plane [18]. Scat-
terplots help reveal data distributions and are commonly integrated
into interactive systems, enabling instance selection across linked
views [14]. Some studies focus on visualizing neural network acti-
vations from single or multiple layers [26, 12], while others exam-
ine feature distributions [34, 20].

Outlier, linear correlation, and manifold can be used to iden-
tify feature dependency and feature importance [13, 8], which is
closely related to the analysis of SHAP values. Based on cooper-
ative game theory (see Shapley [30]), SHAP values have become
central to XAI [21]. The SHAP (SHapley Additive exPlanations)
package (https://github.com/shap/shap) is widely used to
explain how input features influence model predictions through ad-
vanced visualizations. Scatterplots support the interpretation of fea-
ture importance and inter-feature relationships by revealing trends,
peaks, turning points, and other significant patterns [13].

2.2 Quality Metrics for Scatterplots

The concept of visual quality metrics has been essential in the in-
formation visualization community since its inception [3]. These
metrics serve two main purposes: (1) to assess how effectively a
visualization communicates information to users, and (2) to aid in
selecting the most appropriate visualization techniques [7]. Among
various visualization methods, scatterplots are particularly popular
and widely used.

Scatterplot quality metrics can be categorized into three groups
[6]. The first category concerns basic computations, such as the
number of data items, density, and screen occupation percentage.
The second concerns visualization effectiveness, particularly clus-
ter separation [29, 1, 16], often assessed using point-distance—based
statistical methods. Aupetit et al. [2] showed that the Class-
Proportion of 0.35-Observable Neighbors (CPON) aligned better
with human judgment than Distance Consistency. ClustMe [1]
uses a Gaussian Mixture Model to evaluate cluster clarity, while
CLAMS [16] applies a regression model to estimate local ambi-
guity. Quadri et al. [27, 28] examined cluster perception using a
topology-based merge tree.

In addition, correlation detection is also a key quality metric for
assessing the effectiveness of visualizations. Behrisch et al. [4] in-
troduced a sorting pipeline for scatterplot matrices, extended by
Micallef et al. [25] with optimization techniques using Pearson’s
coefficient and covariance. Wohler et al. [36] trained a CNN using
perception-based metrics aligned with human annotations. Beyond
task-based methods, task-agnostic metrics assess hidden informa-
tion regardless of task, such as Nearest Neighbor Distance (NND)
[9]. OM4Anl is a task-based method that uniquely quantifies how
anomalies are occluded by overplotting in multi-class scatterplots.

The third type is feature preservation metrics, which evaluate
whether dimensions or abstracted data retain their original charac-
teristics [15, 5]. The first assesses how well high-dimensional data
structures are preserved during projection to two dimensions, as in
the “Classes Are Not Clusters” metric [15]. The second evaluates
sampling methods by measuring how accurately data density is re-
tained, such as the metric by Bertini and Santucci [5], which uses
active pixel counts, or the distance-based method by Johansson and
Cooper [17].

Quality metrics can generally be evaluated in two ways: (1) by
conducting user studies that compare metric outputs with human
judgments [2, 29]. However, these approaches are not suitable for
evaluating OM4Anl [23], which measures how many anomalies are

hidden in multi-class scatterplots. Since such anomalies are visu-
ally occluded, users cannot perceive them directly, making human
judgment an unreliable baseline. (2) by analyzing their usage in
various contexts [6]. However, existing quality metrics have not
been validated in XAl contexts, particularly for tasks such as fea-
ture importance and model accuracy. This paper addresses this gap
by evaluating OM4Anl within the XAl domain, demonstrating its
potential for assessing visualization quality in support of model in-
terpretability.

3 OMA4ANI DESCRIPTION

OMA4Anl is designed to measure the extent to which anomalies in
multi-class scatterplots are occluded, providing users with a score
ranging from 0 to 1. We use Q to denote the result of OM4Anl.
A score of Q = 0 indicates the worst case, while Q = 1 represents
an ideal scatterplot in which no anomalous data instances are oc-
cluded. This score helps users assess whether their scatterplots
conceal anomalous instances, and if so, to what extent. In addi-
tion, OM4Anl identifies regions within the scatterplot where these
anomalous instances are occluded, using heatmaps. OM4Anl was
implemented in Python, leveraging the scikit-learn and scipy
libraries to support various machine learning relevant algorithms,
including Mahalanobis Distance, Gaussian Kernel Density Estima-
tion (gaussian_kde), and t-SNE. We only introduce the key con-
figurations of OM4Anl in this paper. For more detailed informa-
tion, please refer to [23].

This section first introduces two visual patterns used to address
three XAl tasks. Based on two visual patterns, we then describe
how to select the parameters in OM4Anl, with particular emphasis
on the computation of the anomaly index and the weighting param-
eters.

3.1 Visual Patterns

Building on the scatterplot usage in XAl tasks introduced in Sec-
tion 2.1, we summarize two groups of visual patterns for addressing
the XAI tasks:

(1) Cluster-based patterns. This pattern involves analyzing scat-
terplots to identify closely positioned groups of points, or clus-
ters. Such clusters often reveal relationships or similarities
among data points within each group, providing insights into
the underlying data structure. It includes both cluster and out-
lier patterns, where most— but not all — data points from the
same category form a single cluster. In XAl tasks focused on
model accuracy, cluster-based patterns help users assess the
separation between different classes and identify misclassified
instances.

(2) Regression-based patterns. This pattern focuses on examin-
ing and interpreting the relationship between two variables rep-
resented on the scatterplot. A positive correlation is typically
indicated by an upward trend of points, suggesting that as one
variable increases, so does the other. Conversely, a negative
correlation is characterized by a downward trend. Tatu [32]
noted that ‘good correlations are represented as long, skinny
structures in the visualization.” This pattern includes linear cor-
relation, outliers, and manifold. In XAl feature importance and
feature dependency tasks, the regression-based patterns can re-
veal insights such as the point where SHAP values become
zero, the stability of SHAP values over a specific range, and
significant increases or decreases.

3.2 Parameters Selection

To use OM4Anl, two key configurations are required. First, users
must define the method for anomaly index computation, which
determines how the anomaly score for each instance is calculated.
The core idea is to assess the relative relationship between each
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(a) Census Income dataset with

‘Own-child’ attribute and ‘Husband’ attribute

(b) Census Income dataset with both ‘Own-child’

(c) MNIST dataset with T-SNE algorithm

Figure 1: Scatterplot examples in the field of XAl. (a) and (b) display SHAP values, where the x-axis represents the feature ‘Age’ and the y-axis
shows the corresponding SHAP values. (a) contains only the category 'Own-child’, while (b) includes two categories. (c) presents a scatterplot
of classification instances, with the x- and y-axes representing the coordinates of each instance as computed by the dimensionality reduction

method t-SNE.

data instance and its corresponding category or group. OM4Anl
supports several approaches for computing this index, such as the
Mahalanobis distance [24] for cluster-based patterns and Cook’s
distance [10] for regression-based patterns.

Mahalanobis Distance [24] calculates the distance for each data
point to clusters. It first determines the mean vector (i) and the co-
variance matrix (S) of the dataset. These elements capture the cen-
tral tendency and the variability of the data across all dimensions,
respectively. For a given data point x, the Mahalanobis Distance is
calculated by computing the deviation of x from t, then transform-
ing this deviation vector using the inverse of the covariance matrix
S~1, and finally multiplying the transformed vector by the devia-
tion vector itself. The square root of this scalar product yields the
Mabhalanobis Distance of the data point from the dataset’s mean,
accounting for the correlation between variables. Mathematically,
this is expressed as:

Dy (x) =1/ (x—p) S (x—p), )
where x represents the vector of the data point, t is the mean vector
of the dataset, and S~! is the inverse of the covariance matrix.
Cook’s Distance [10] is one of the common influence functions
measuring how each data point affects the estimated regression co-
efficients, which combines residuals and leverage values to assess
influence:
&2 hi;
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where ¢; is the residual, s2 is the mean squared error, p is the num-
ber of model parameters, and /;; is the leverage. Observations with
a high Cook’s Distance are considered influential.

Second, users must specify the weighting parameters A and 3.
The parameter A reflects the relative importance of data points oc-
cluded by others from the same class, where larger values indicate
greater importance. In contrast, 8 controls the importance of data
points occluded by markers from different classes. The values of A
and f3 range from O to +oo.

To help users identify where anomalies are located, OM4Anl
provides a variable o(k), referred to as the hidden information de-
gree, which quantifies how many data instances are occluded by
others in each pixel. The value of o(k) ranges from 0 to 1, where 0
indicates minimal hidden information and 1 indicates severe hidden
information.

4 XAl CASE STUDIES

This section evaluates OM4AnlI using two examples based on pub-
lic datasets and implemented with basic machine learning models.
We first introduce the datasets used in our study: the Census Income

dataset [19] for feature importance and the MNIST dataset [22]
for model accuracy. Next, we describe the visual factor settings.
Finally, we present two studies illustrating how OM4AnI’s values
change in response to different visual factors.

Additionally, we employed the SHAP library to train an XGBoost
model on the Census Income dataset, and the TensorFlow library
to train a CNN on the MNIST dataset. All computational experi-
ments were conducted on a Windows system equipped with a 13th
Gen Intel(R) Core(TM) i7-13700H processor at 2.40 GHz and 32
GB of RAM.

4.1 Datasets

The Census Income dataset [19], derived from the 1994 Census
database, is widely used to test the performance of classification
models in machine learning. It encompasses various demographic
and employment-related attributes of adults, including age, work
class, education, marital status, occupation, relationship, race, sex,
capital gain, capital loss, hours worked per week, and native coun-
try. The dataset information is shown in Table 1. The primary ana-
lytical objective of this dataset is binary classification: to ascertain
whether an individual’s annual income surpasses $50,000. Using
an XGBoost model, we predict the income classes and analyze the
classification outcomes alongside SHAP values for each attribute.

The MNIST dataset (see Table 1) [22] is a widely used bench-
mark in machine learning for evaluating image recognition algo-
rithms. It contains 70,000 grayscale images of handwritten digits,
with 60,000 used for training and 10,000 for testing. Each image
is a 28 x 28 pixel bitmap representing a digit from 0 to 9. The
primary task is to classify each image into its corresponding digit
category. In our study, a CNN is trained to perform this classifica-
tion. The model outputs 10 attributes per instance, each represent-
ing the probability of belonging to a specific digit class. To visual-
ize the model’s output, we apply the t-SNE dimensionality reduc-
tion (DR) technique, commonly used in XAl, to project the results
into a two-dimensional space. The resulting two attributes serve as
coordinates for generating scatterplots that cluster instances based
on model predictions.

Fig.1 shows two typical examples of scatterplots used in
XA Fig. 1(a) and (b) are derived from the XGBoost (https://
xgboost.ai/) model’s predictions on the Census Income dataset.
It presents SHAP values that illustrate how the feature ‘Age’ affects
the model’s output across different demographic groups, such as
those labeled "Husband’ or *Own-child’, which are distinguished
by color. Based on the trends and values in Fig. 1(a), an ML ex-
pert can observe that as ‘Age’ approaches around 30 years old, it
begins to have a positive impact on the model output. However,
there are fewer data instances when ‘Age’ exceeds 60. When visu-
alizing two demographic groups in Fig. 1(b), many data instances


https://xgboost.ai/
https://xgboost.ai/

Table 1: Summary of the datasets in our XAl case studies.

#of Classification

Data

Generating

Datasets Data records (k) model type scatterplot Visual patterns XAl task
Census Income 6.513 XGBoost Tabluar SHAP Regression-based ~ Feature importance
MNIST 10 CNN Image t-SNE Cluster-based Model accuracy

from the ’Own-child’ group are occluded by those from the "Hus-
band’ group. This occlusion prevents users from clearly observ-
ing the trends and specific impact of the ’Own-child’ group on the
model output. Fig. 1(c) is based on the MNIST dataset, where a
CNN model is used to classify digit images, followed by DR using
t-SNE. In this scatterplot, the x- and y-axes represent the reduced
dimensions, and the colors indicate the digit classes predicted by
the CNN. The purpose of this scatterplot is to identify misclassifica-
tions: data instances are projected into clusters where the majority
of neighboring instances belong to different classes. However, in
Fig. 1(c), users cannot observe the misclassified data instances, as
all clusters appear to be uniformly colored. This visual impression
is misleading; some misclassified instances are indeed present but
are occluded.

4.2 Visual Factor Selection

A range of visual factors in scatterplots can influence the effective-
ness of quality metrics, particularly in the context of specific XAl
tasks. In our case studies, we tested three visual factors: rendering
order, marker size, and marker shape.

The rendering order of data points can significantly impact scat-
terplot readability. Since points are drawn sequentially, the ren-
dering order determines which points remain visible and which are
obscured. If the order consistently favors certain categories or fea-
tures, it may introduce visual bias. While users typically consider
marker size, shape, and color when designing scatterplots, render-
ing order is often overlooked. For example, in Fig. 1(c), the de-
fault rendering order results in substantial overlap among classes,
making it difficult to observe occluded instances. However, by re-
ordering the rendering so that misclassified instances are drawn last,
these points will become more visible, allowing users to identify
more misclassified data points.

In the case studies, we tested with different rendering orders to
examine how scatterplots and their quality metrics change with var-
ious rendering strategies. In general, the most commonly used ren-
dering order strategy is random rendering, which draws the scatter-
plot based on the inherent order of the raw data. The second most
commonly used strategy for multi-class scatterplots is the category-
based method, which renders the data instances class by class,
drawing one category of instances after another. OM4Anl also pro-
vides a rendering order strategy, which is based on the value of the
anomaly index. Specifically, OM4Anl renders the data instances in
ascending order of anomaly index values. This approach ensures
that instances with higher anomaly index values are rendered later,
making them less likely to be occluded by other points and thus
reducing the possibility of biased observations. Our evaluation in-
cluded category-based and OM4Anl rendering orders.

Marker size significantly influences the level of overplotting:
larger markers tend to overlap more easily, leading to visual clut-
ter, while smaller markers may be more difficult to distinguish. We
used values of 100 and 25 in both examples to examine how scat-
terplots change with varying marker sizes and how the quality met-
rics respond accordingly. Additionally, we tested different marker
shapes, rectangles and plus symbols, for the Census Income dataset.
However, this aspect is not discussed in the paper, as it had minimal
effect on quality values of OM4Anl.

4.3 Feature Importance for Census Income Dataset

To assess the positive and negative impacts of individual features on
the XGBoost model applied to the Census Income dataset, we com-
puted the SHAP values for each feature and visualized them in the
scatterplots shown on the left side of Fig.2. The x-axis represents
age, while the y-axis displays the corresponding SHAP values, il-
lustrating how age influences the model’s output in terms of both di-
rection (positive or negative) and magnitude. Although the datasets
used in both scatterplots are identical, the plots differ in rendering
order. Fig.2(a) uses the category-based rendering order, where in-
stances with the label ‘Own-child’ are rendered first, followed by
those labeled ‘Husband’. In contrast, Fig. 2(b) uses the OM4Anl
rendering order, which sorts and renders the data instances based
on their anomaly index values. For both Fig. 2(a) and (b), age has a
negative impact (i.e., it contributes to predicting an annual income
below $50,000) before age 30, a positive impact between ages 30
and 60, and a negative impact after age 60.

To compute the quality metrics, we used Cook’s Distance to de-
rive the anomaly index. We set the parameters A and f3 to 0 and 100,
respectively. Additionally, we calculated the hidden information
degree o(k) for each pixel and visualized the results as heatmaps,
shown on the right of Fig. 2, corresponding to the two scatterplots.

In the scatterplot shown in Fig.2(a), we observed that nearly
all data points labeled ‘Own-child’ are obscured by those labeled
‘Husband’. The heatmap provided by OM4Anl and shown on the
right side of Fig. 2(a), highlights the amount of occluded anomalous
data points. For example, although one data instance labeled ‘Own-
child’ is completely invisible in the scatterplot, the corresponding
heatmap highlights this as an anomaly. To better reveal the ‘Own-
child’ data, we reordered the scatterplot using the OM4Anl order,
as shown in Fig. 2(b). This adjustment led to a higher quality metric
value (Q = 0.69) compared to the scatterplot in Fig. 2(a) (Q = 0.03).
In Fig. 2(b), many ‘Own-child’ data points become visible, includ-
ing the previously hidden instance on the right (highlighted one) of
the scatterplot in Fig. 2(a).

4.4 Model Accuracy for MNIST Dataset

To analyze model accuracy, we plotted scatterplots in which the x-
and y-axes represent the coordinates generated by the t-SNE algo-
rithm, and the colors indicate the predicted class labels from the
CNN model for each instance (see Fig.3). The three scatterplots
on the left display the same data but differ in rendering order and
marker size. The rendering order in Fig. 3(a) follows a category-
based ordering strategy: digit_9 — digit_0— digit_2 — digit_4 —
digit_5 — digit_6 — digit_8 — digit_1 — digit_3 — digit_7 In
contrast, Figs.3(b) and (c) use the OM4Anl rendering order. As
a result, misclassified instances of digits 2, 5, and 8 are hidden in
Fig. 3(a), but become visible in Figs. 3(b) and (c).

Using OM4Anl, we applied the Mahalanobis distance to com-
pute the anomaly index. The weighting parameters were set as
A =0 and B = 100. Additionally, we calculated the hidden in-
formation degree o(k) for each pixel and visualized the results us-
ing heatmaps, shown in the right-hand column of plots in Fig. 3.
These visualizations help users identify regions where anomalous
data points are occluded.

Fig.3(a) is low quality (Q = 0.12) and the heatmap highlights
the three locations where information about the misclassified in-
stances (anomalous data points) is hidden. Fig. 3(b) is higher qual-
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Figure 2: The application of OM4Anl to feature importance analysis
for Census Income dataset. The two scatterplots on the left show
how age affects the model’'s output, using different rendering orders:
category-based in (a) and OM4Anl order in (b), each with a different
quality metric value. The heatmaps on the right indicate the extent of
information obscured in the corresponding scatterplots and highlight
regions where anomalous data points are hidden.

ity (Q = 0.44) and the misclassified digits are clearly visible in the
scatterplot. To assess the sensitivity of our quality metrics to marker
sizes, we plotted another scatterplot with smaller marker sizes (25
instead of 100) in Fig. 3(c). The resulting value was 0.66, indicating
that the quality metric values tend to increase with smaller marker
sizes.

5 DISCUSSION AND LIMITATIONS

The two case studies illustrate the effectiveness of OM4Anl when
applied to different visual patterns and tasks in the context of XAl
These studies show that OM4Anl can accurately reveal the over-
plotting of a scatterplot. Particularly when the rendering order of
the scatterplots is changed, some anomalous data points may be ob-
scured, which should not happen. If these data are hidden, ML ex-
perts might draw incorrect conclusions about their model and make
erroneous decisions when adjusting ML parameters or comparing
models.

Moreover, the heatmap can help ML experts identify where hid-
den information is located. For example, in Fig.3, while ML ex-
perts might not notice any hidden information in the scatterplot of
Fig. 3(a), OM4Anl indicated that there are indeed misclassified data
points hidden. Specifically, instances incorrectly predicted as Digit
3, Digit 7, and Digit 1 are highlighted. This guidance is crucial
for accurately assessing model performance and making informed
adjustments.

Additionally, OM4Anl is sensitive to marker size, as the degree
of overlap within each pixel can vary. When marker sizes are re-
duced, OM4Anl tends to increase, since overplotting is minimized.
However, there is a limitation: if the marker size is reduced to the
point where the data points in the scatterplot become barely visi-
ble to users, OM4Anl may yield extremely high values due to the
absence of overlap. This situation is not practical for real-world
applications. We also believe that OM4Anl is sensitive to marker
shape, as different marker areas can influence the computed results.

Moreover, OM4Anl has limitations related to scatterplot opacity.
Specifically, OM4AnlI assumes that all data points are fully opaque;
thus, any point obscured by others, regardless of the degree of over-
lap, remains entirely invisible to users.
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Figure 3: The application of OM4An| to model accuracy analysis
for MNIST dataset. The three scatterplots, derived from the same
dataset, are used to identify misclassifications in the CNN model’s
predictions, with corresponding quality metric values computed us-
ing OM4Anl. The three heatmaps on the right show the extent of
information obscured in the scatterplots and highlight regions where
anomalous data points (i.e., misclassified instances) are hidden.

6 CONCLUSION

This paper evaluated our visual quality measure OM4Anl in the
context of XAl to assess its effectiveness and usability. We began
by introducing two visual patterns related to three common XAl
tasks and explained how to select the parameters of OM4Anl based
on these patterns and tasks. We then conducted case studies by ap-
plying OM4Anl in two scenarios to examine how its scores respond
to various visual factors, including marker size, marker shape and
rendering order. The results showed that OM4Anl not only pro-
vides accurate scores that reflect the extent to which anomalous data
points are occluded under different visual factors, but also identifies
the regions where such anomalous points are located, when they
exist. Our findings demonstrate that OM4Anl is suitable for use in
XALI scenarios and helps pave the way for adapting other quality
metrics to similar contexts.
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