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Abstract
Given a picture classified as a Persian cat by an AI model,

users may ask questions such as, “What are the contributions of
the eyes and ears to the classification result?” or “Which features
contribute the most?” While existing post-hoc XAI methods effec-
tively explain model predictions at the pixel or patch level, they
are limited in directly quantifying the contributions of human-
interpretable semantic features. In this paper, we propose a vi-
sual analytics approach for feature-level interpretation of image
classification results. Our contributions are twofold. First, we in-
troduce a semantic contribution quantification method that builds
upon existing pixel-level attribution techniques (e.g., Layer-wise
Relevance Propagation, Grad-CAM). Specifically, we aggregate
and normalize pixel-level relevance scores over predefined se-
mantic regions (such as eyes, ears, and body) to compute compa-
rable contribution scores for each semantic feature within an im-
age. Second, we present an interactive visual interface that lever-
ages these quantified semantic feature contributions to support
exploration, comparison, and analysis of AI outputs across image
collections. Through illustrative scenarios and expert feedback,
we demonstrate that our approach provides an intuitive, scalable,
and semantically meaningful means to interpret image classifica-
tion explanations.

Introduction
AI-based image classification has achieved considerable suc-

cess in various applications. Meanwhile, numerous post-hoc eX-
plainable AI (XAI) methods have been developed to provide in-
sights into the decision-making process of AI models after they
have been trained, offering a means to understand how specific in-
put image components contribute to a model’s predictions. These
methods can be broadly classified into two categories:

• Pixel-level Methods: These methods compute a score of
contribution for each pixel in the input image (often referred
to as importance, attribution, saliency, relevance, etc.) with
respect to a specific classification [27]. Then, the contri-
bution scores are visualized as relevance maps (also known
as attribution maps, saliency maps, etc.), where a heatmap
colorization (e.g., blue to red) is applied to indicate vary-
ing levels of contribution (from low to high). The contribu-
tion scores are typically visualized as relevance maps (also
known as attribution maps, saliency maps, etc.), where a
heatmap colorization (e.g., blue to red) is applied to indi-
cate varying levels of contribution (from low to high). Fig.

Figure 1: Original image of a cat (left) and its corresponding
Layer-wise Relevance Propagation (LRP) heatmap (right), where
red pixels refer to positive relevance and blue pixels refer to neg-
ative relevance.

1 shows an example of a cat image. These heatmaps, when
paired with the original input image, allow users to discern
the features that contribute to the AI model’s classification.

• Patch-level methods: These methods automatically cluster
image patches, manually associate these clusters with ab-
stract “concepts”, and then automatically evaluate the influ-
ence of the concepts on the prediction of a class of input
images (e.g., [1, 3, 4, 10, 21]). For instance, the concept of
“stripes” might be discovered for its critical impact on clas-
sifying images as “zebras”.

Both of these post-hoc XAI approaches have demonstrated
success in explaining image classification results. However, the
pixel-level methods usually convey computational results in the
form of heatmaps. It is the observer’s responsibility to visually
interpret this information, identifying high-level features such as
the ears or eyes based on pixel color intensity. This visual per-
ception process can be error-prone and time-consuming, espe-
cially when analyzing a large number of images. Furthermore,
the choice of color mapping schemes of the heatmap (e.g., dif-
ferent color palettes [23]) can introduce biases and undermine the
effective perception of the pixel values and their differences.

On the other hand, the image patch clusters generated by
patch-level methods sometimes do not lead to meaningful con-
cepts. Moreover, the discovered concepts often do not align with
human-recognizable, intuitive features such as eyes or ears, so
that users cannot specify features of interest to evaluate their con-
tributions.

Since interpreting XAI results at the pixel or image patch
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levels may hinder effective information conveyance to AI users,
we propose a new method to interpret XAI results in terms of
predefined, intuitive semantic features, such as ears, eyes, and
body. This process transforms low-level explanations into human-
interpretable summaries aligned with familiar semantic features.
AI users, including the general public and practitioners, can
quickly understand and examine the AI output with the seman-
tic features they are familiar with and interested in. We calculate
the contribution scores of these semantic features to the image
classification results. These contribution scores can be used to en-
able intuitive and efficient comprehension, query, and exploration
of XAI results in the semantic feature space. Our method ag-
gregates pixel-level relevance scores over predefined semantic re-
gions (e.g., ears, eyes, body), which can be built up on established
computational methods such as Grad-CAM [28], SHAP [20], In-
tegrated Gradients (IG) [32], and Layer-wise Relevance Propa-
gation (LRP) [25]. We also built a prototype named CatViz to
demonstrate how to employ these contribution scores to visually
explore the XAI results of a collection of images.

In summary, the main contributions of this paper include:

• We propose a new way to interpret AI image classification
results at the semantic feature level, to address the limita-
tions of existing pixel-level and patch-level methods, such
as the lack of direct connections between the interpretation
and familiar semantic features.

• We present a computational approach to calculating the con-
tribution scores of predefined semantic features to the clas-
sification results of individual images, based on the XAI re-
sults of established XAI methods.

• We have developed a working visualization prototype to
demonstrate how to employ semantic contributors and their
contribution scores to explore the XAI results of an image
collection with visual analytics tasks, such as clustering, fil-
tering, and comparison of groups of images.

Related Work
XAI is drawing more attention from research communities

because of its ability to enhance data and model explainabil-
ity [19] in many applications. In explaining image classification
results, two major categories of approaches are pixel-level and
patch-level methods (see a recent survey [5]).
Pixel-level XAI Methods: Four major categories are discussed
in the survey [27], including local surrogates, occlusion analy-
sis, integrated gradient, and Layerwise Relevance Propagation
(LRP) techniques. Most of these methods are considered local
methods [1] since they compute relevance scores (importance,
saliency, etc.) for image pixels on individual images given a
classification class. Examples include Deconvolutional Networks
(DeconvNets) [29], Guided Back Propagation [31], Class Acti-
vation Mapping (CAM) [18], LRP [2], and Class-discriminative
LRPs [13].

Pixel-level heatmaps are often used to visualize the com-
puted pixel-level relevance scores [27]. For example, Polarized-
LRP [17] uses both positive and negative heatmaps for a specific
application of interpreting galaxy deblender GAN. VisLRP [12]
presents a visual model designer that helps LRP designers and
students efficiently design, explore, and find suitable LRP models
with preferred parameters.

Figure 2: Examples of ACE discovered concepts. In our experi-
ments with a cat image dataset, the ACE algorithm [10] generated
concepts such as “fur texture” and “eye region texture”.

Our method leverages the pixel-level relevance scores to
compute the contribution scores at the semantic feature level for
individual images. Thus, it explains the images at a higher level
of abstraction and enables more effective, efficient, and scalable
visual explorations.

Patch-Level XAI Methods: Patch-level methods detect higher-
level features or concepts learned by a model on entire classes of
images [1, 3, 15, 21, 33]. Given a set of images from the same
class, each image is segmented into a pool of patches. These
patches are clustered and the clusters of patches form a “con-
cept” and its importance score is computed over the images in
the given class. Concept-based interpretability methods such as
TCAV [14] and prototype-based approaches [6, 7, 26] also aim to
connect human-defined concepts or prototypical parts with model
predictions. These methods provide complementary perspectives
on concept attribution, but they rely on either learned or post-hoc
concept definitions.

The image patches are visually presented to users for their
understanding of the concepts with respect to the given image
classes. Visual analytics tools can help users perform interactive
editing and exploration of these concepts and patches. Concep-
tExtract [36] develops a visual system that helps users analyze
model behavior, extract human-friendly concepts, and use these
concepts to understand the predictions. It aims to add human feed-
back to a concept extractor from the clusters of image patches,
so as to reduce human labeling effort. In addition, ConceptEx-
plainer [11], a visual analytics system, allows users to explore
the clustered image patches and classes for the explanation of the
“concepts”. The usage scenarios include reviewing related image
clusters, identifying unreasonable concepts, and studying multi-
ple concepts from image classes.

Our approach focuses on the semantic feature-level contri-
bution, which is different from the above patch-level methods.
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Rationale and Tasks of Our Approach
We have implemented a widely-used patch-level method -

ACE [11] to an image dataset including 50 cat images from Im-
ageNet [9]. ACE segments the input images into patches and the
latent representations of these patches are clustered. The top 25
clusters are considered as the concepts and each concept is mea-
sured by a TCAV (Testing with Concept Activation Vectors) score
for its influence on the classification. These top concepts include
both meaningful and irrelevant concepts. The irrelevant concepts
are difficult for users to explain. For meaningful concepts, two
important ones are shown in Fig. 2, which can be named “fur
texture” or “eye region texture”. However, these concepts do not
align with commonly recognized semantic features of cats (e.g.
eyes or ears). This experiment reveals several limitations of the
patch-level methods: 1) The unsupervised patch-level methods
often capture features that are statistically prominent but lack di-
rect interpretability; 2) The identified concepts require human in-
teraction to extract meaningful results; 3) Users need to explain
the image patches and provide semantic names or labels; 4) Users
cannot specify features of interest to examine their contributions.

To address these limitations, we present a new method which
discovers the contribution scores of semantic features, such as
distinct parts of animals (e.g., eyes, ears, body), to AI classifica-
tion results. We refer to these features semantic contributors, as
they enable explanations that align with human expectations and
offer insights directly relevant to the features of interest. The fol-
lowing analysis tasks, which are important but require tremendous
human efforts in current XAI practice, can benefit from utilizing
the contribution scores of the semantic contributors:
T1 - Contributor Ranking and Comparison: Contribution
scores allow users to compare and rank the semantic contribu-
tors within an image based on their significance in the model’s
decision-making process. This quantitative analysis is crucial for
understanding feature relevance. For instance, a feature such as
the “Left Eye” may be more relevant than the “Left Ear” in pre-
dicting a cat image, which might not be immediately apparent
from a traditional relevance heatmap.
T2 - Group Analysis Using Semantic Contributors: Contribu-
tion scores enable users to identify groups of images with similar
semantic features (e.g., cats characterized by strong Left Eye con-
tributions or birds influenced by prominent Beak features) and an-
alyze the reasons behind correct or incorrect model classifications.
By leveraging contribution scores, users can perform various data
exploration operations, such as filtering, ranking, and outlier de-
tection, in the semantic feature space for an image collection, to
reveal patterns and insights that would be difficult to discern using
other methods.

Algorithms for Computing Semantic Contri-
bution Scores

Our method computes the contribution scores of semantic
contributors in an input image, given a classification decision,
based on two sources of prior information: (1) a relevance map
(also referred to as a saliency map or attribution map) with pixel-
level relevance values generated by any XAI algorithm (e.g.,
Grad-CAM, SHAP, IG, LRP); and (2) semantic features of the in-
put image that are obtained through semantic segmentation algo-
rithms. Numerous methods exist for partitioning an image into se-
mantically meaningful regions or objects (see the survey in [22]).

Next, we introduce the algorithms for computing semantic con-
tributor scores.

Computing Pixel-Level Relevance Values
In our implementation, we utilize the popular LRP method

to generate a relevance map. LRP computes relevance values that
quantify the contribution of network components and input pixels
to produce a classification decision of an input image [24].

The algorithm initiates the relevance values based on a se-
lected output class. In particular, a backward propagation from the
output layer to the lower layers is employed to compute relevance
values at each layer and towards the input pixels. Each neuron re-
ceives a share of the relevance values from its successor nodes and
redistributes its relevance to predecessor neurons, while the con-
servation of relevance is ensured. During this backpropagation
process, the distribution of relevance can be computed by using
different relevance propagation rules (i.e., functions) that utilize
the forward neuron activations and a set of artificial parameters.

Specifically, a relevance vector r⃗ is defined by the values cor-
responding to a given classification category C such as:

r⃗ =

{
si, i =C

0, otherwise.
(1)

Here, N is the number of classification categories and i ∈ [1 · · ·N].
sc is the pre-softmax value of category C.

Then, a backward propagation from the output layer to the
lower layers is employed to compute relevance values at each
layer and towards the input pixels. The computation from layer
l +1 to layer l follows an LRP function F as:

r⃗l
i = ∑

j
F(ai,wi j )⃗rl+1

j , (2)

while ∑
i

r⃗l
i = ∑

j
r⃗l+1

j for the preservation of relevance values. Here

wi j is the network weight from neuron xl
i to neuron xl+1

j , and ai is
the activation of each neuron xl

i . The LRP function can be defined
by different rules. One widely used LRP rule, LRP− ε , imple-
ments F as:

LRP-ε : r⃗l
i = ∑

j

aiwi j

ε +∑i aiwi j
r⃗l+1

j , (3)

It uses a constant ε to keep numerical instability, a condition
where division by near-zero values may cause extreme fluctua-
tions or undefined outputs. This ensures stable and consistent
propagation of relevance values during backpropagation, partic-
ularly when input activations or weights are very small.

This iterative relevance propagation process reaches the in-
put layer (i.e., input image) and it generates a relevance map of
the input image for the category c.

In our experiments, we apply LRP− ε on a CNN model of
VGG16 for a group of cat images from the ImageNet database.
The original image Ii, j, i∈ [0 · · ·223], j ∈ [0 · · ·223] with 224×224
pixels. Then the resulting relevance map is defined as IRi, j ∈
(α,β ) with i ∈ [0 · · ·223], j ∈ [0 · · ·223]. Here, β is the maximum
relevance value, and α is the minimum. Note that these values
include positive and/or negative scores showing the pixels may
have either positive or negative (i.e., adverse) contributions to the
classification.
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Figure 3: Illustration of semantic feature extraction for a cat im-
age.

Semantic Feature Extraction
Extraction of meaningful features or objects from an input

image is a key topic in semantic image segmentation [22]. Deep
Learning (DL) models are trained with vast datasets for accurate
and multiscale object extraction. However, there is no universal
model that can accurately extract the preferred semantic features
from any image.

We conducted experiments using raw images of cats from the
ImageNet database and bird images from the CUB-200 dataset.
The target features for cats included body parts such as the eyes,
ears, and nose, while for birds they included the eyes, wings, and
beak. However, we did not identify an optimal deep learning (DL)
model capable of reliably extracting these features. Since the de-
sign of a specialized automatic DL model is beyond the scope of
this paper, we instead adopt a human-in-the-loop strategy, com-
monly applied in practical settings, that combines DL tools with
user intervention.

While our focus is on quantifying contributions of fine-
grained semantic features (e.g., left ear, right ear, eyes), current
semi-automatic segmentation tools, such as the Segment Any-
thing Model (SAM) [16], are not designed to reliably extract such
detailed features, since they typically operate at the object level.
Therefore, manual annotation remains necessary in this study
to ensure semantic fidelity. Future work may explore domain-
specific annotation strategies to improve scalability. At this stage,
we did not attempt to define thresholds for manual intervention;
instead, we relied on manual annotation to ensure semantic fi-
delity. Future work may investigate human–computer collabora-
tion strategies to balance automation efficiency with semantic ac-
curacy, including threshold design for semi-automatic correction.

First, we apply a popular DL model named DeepLabV3 [8]
to extract the whole shape of the cat/bird from its background. As
illustrated in Fig. 3, the input image Fig. 3(A) is segmented to
extract the body of a cat shown in green in Fig. 3(B). Second,
we adopt a human annotation-based approach to further identify
the body parts. In particular, human annotators draw boxes over
the image to annotate regions such as the right ear and left ear,
as shown in Fig. 3(C). These bounding boxes are joined with
the cat shape to finally extract pixels belonging to these features
(Fig. 3(D)). Please note that other AI-based automatic and semi-
automatic tools of image object segmentation [35] may also be
applied in this preprocessing stage. We selected DeepLabV3 as
it provides robust semantic segmentation with manageable com-
plexity, suitable as a baseline for our manual refinement. While
models such as Mask R-CNN excel at object- and instance-level
segmentation, they are not optimized for fine-grained, part-based
semantic features required in this study.

After applying these operations to an input image, we
achieve a set of K semantic features Ok,k ∈ [1 · · ·K]. Each Ok
has its semantic label and refers to a specific region on the orig-
inal image I and on the relevance map IR. This set covers the

whole image region. For instance, the cat image in Fig. 3 has
K = 7 semantic features {Right Ear, Left Ear, Right Eye, Left
Eye, Nose, Body Part, Background}. Here, the background fea-
ture represents the remainder after Fig. 3(B) extracts the shape of
a cat. For bird images, we similarly set K = 7 semantic features
{Left Eye, Right Eye, Left Wing, Right Wing, Beak, Tail, Body}
as shown in Fig. 7

Semantic Contributors and Contribution Scores
For each feature Ok, we identify its corresponding region on

IR and define a feature-level contribution score Hk. Defining the
computing algorithm of Hk is not an easy task. We tested sev-
eral approaches and found that the following definition meets our
requirement, allowing quantitative comparison among features in
different images.

First, we compute the average relevance value of a feature
as:

Ak =
∑

N
i, j IRi, j

N
, i, j ∈ Ok (4)

Here IRi, j is the relevance value for a pixel at position (i, j) and
N is the total number of pixels within Ok.

However, the average relevance value Ak cannot be directly
used as the contribution score of Ok. Although it facilitates a
quantitative comparison of two features on the same image, it
does not support a direct comparison of the same semantic fea-
tures on different images. The reason comes from the fact that
the LRP computation on different images IR generates relevance
values with different value ranges α,β and which are not quanti-
tatively comparable. Therefore, we define the contribution score
of a semantic contributor as the ratio of a feature’s Ak value to the
sum of all Akon an image:

Hk =
Ak

∑
K
k=1 Ak

. (5)

In implementation, this contribution score should be computed
independently for negative and positive contributions. In the fol-
lowing, we represent contribution scores as percentages. They
represent the relative contribution percentage of each feature Ok
with respect to all features. It enables ranking and comparison of
semantic feature contributions among different images. For in-
stance, if a feature O1 on a cat image contributes Hk = 30% to
its classification and a feature O2 in another cat image contributes
Hk = 40%, then we can consider O2 to have a larger contribution
than O1.

We intentionally compute the average attribution per seman-
tic region so that each predefined feature (e.g., left ear, right ear)
is treated as a meaningful unit, preventing large but uninformative
areas (such as background) from dominating the score.

Note that negative scores are included in the denominator to
capture inhibitory contributions, ensuring that both positive and
negative influences are proportionally reflected.

Contribution Vectors and Their Similarities
The contribution scores Hk for k ∈ [1 · · ·K] form a vector

H⃗ representing the contributions of semantic features. Conse-
quently, this vector provides a quantitative representation of IR.
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Figure 4: Visualizing the contribution scores of seven semantic
features with a bar chart, together with the original image and
the heatmap image. They show the quantitative contribution in-
formation to the classification category of Persian cat.

Figure 5: Visualizing positive and negative contribution scores of
semantic features towards a Persian cat classification.

We can compute similarities among images based on their con-
tribution vectors, allowing clusters and outliers to be visually ex-
plored. This facilitates a new way of analyzing XAI results, which
has not been examined in previous work. In our experiments on
image groups (e.g., multiple cat or bird images), we use cosine
similarity within an embedded visualization interface.

Visual Examples
Using the semantic contributors makes it easy to visualize

their scores with bar charts leading to benefits of simplicity, user
familiarity, and ease of quantitative comparison. Next we show
examples with several images from ImageNet.
Example 1: Fig. 4 shows an original image, its heatmap image of
relevance map from LRP, together with a bar chart visualizing the
contribution scores of seven semantic contributors. These are the
computing results based on the relevance map of the top classifi-
cation Persian cat of Fig. 3. It can be observed from the bar chart
that Left Eye has the largest score, Nose is the second, and Right
Eye is the third contributor. This provides an easy insight from
the bar chart. Without the contribution scores, users can only ex-
amine the heatmap image, and it is not easy to discover whether
Nose has a stronger or weaker relevance than Left Eye and Right
Eye.
Example 2: In Fig. 5, the red and blue bars clearly indicate that
this image has both positive and negative contributors to a Persian
cat classification. Positive contributors, such as Right Eye (39%),
Right Ear (13%), Left Ear (9%), Body (6%), and Background
(23%), can be easily identified, along with negative contributors
like Left Eye (-19%) and Nose (-14%). Despite Left Eye having
a large negative effect, Right Eye has a stronger positive effect,
resulting in the correct classification of this image as a Persian
cat. Human observers may not see a big difference in the origi-
nal image, but the AI model may interpret Left Eye and Nose in
this image as atypical styles for a Persian cat. Another interest-
ing finding is that the Background region has a relatively large
relevance to the classification.
Example 3: Fig. 6 shows an image with a top classification of
Pumpkin, although a cat sits close to the pumpkin. The bar chart
shows the contribution scores to this top decision. Here, the scores

of the cat features are Right Eye (-14%), Left Eye (-36%), Right
Ear (-7%), Left Ear (-8%), Nose (-23%), and Body (-8%), jux-
taposed with a positive contribution from the background (46%).
The features on the cat all have negative contributions to the class
pumpkin. However, the background (including the pumpkin) has
a larger quantity of contribution score (46%), which prevents the
image from being identified as a cat. With the semantic contribu-
tors, users can quantify this explanation through the visualization.
Summary of Benefits: In the three examples, the visualization of
semantic contributors gives users an immediate gauge to explain
the behaviors of the AI model. It overcomes potential problems
that may be introduced when creating and interpreting a heatmap.
It also allows users to perform rapid comparisons based on quan-
titative values and, therefore, enhance the understanding of AI
classification output.

Figure 6: Visualization of contribution scores for semantic fea-
tures in an image of a cat sitting next to a pumpkin, illustrating
their relative contributions to the classification category Pump-
kin.

Figure 7: Three randomly selected bird images (top), their LRP
heatmaps (middle; red indicates positive relevance to the pre-
dicted class and blue indicates negative relevance), and the cor-
responding semantic contribution summaries (bottom). The bar
charts report signed contribution scores for K = 7 features:{Left
Eye,Right Eye,Left Wing, Right Wing, Beak, Tail, Body}

CatViz for Exploring Semantic Contributions
of an Image Collection

We study feature-level semantic contributors to AI predic-
tions across image collections through CatViz, an experimental
visual analytics prototype. In its current form, CatViz is inten-
tionally scoped to a single curated dataset of cat images, and
all examples, figures, and analyses in this paper are drawn ex-
clusively from this cat collection. Restricting the interface to
one class keeps the semantics consistent and enables controlled,
within-class comparisons of contribution patterns across images;
extending CatViz to additional classes is left for future work.
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Figure 8: The interface of CatViz. (A) Classification category selectors; (B) Filters; (C) A list of selections created by a user; (D) A
scatterplot where each circle/square/triangle represents an image. Images in the brown cluster and the yellow clusters are highlighted;
(E) Details of two images that a user clicked on the scatterplot; (F) Statistics bar charts of the brown cluster and the yellow cluster. Their
bars are highlighted by brown and yellow boundaries, respectively. From left to right: the average scores (multiplied by weights) on
the semantic contributors, the top classification categories, and the top contributing features by count; (G) Sorting buttons; (H) Weight
controllers; (I) Left/right: Details of images in the brown/yellow clusters. Both clusters are sorted by Right Eye score from high to low.

CatViz Tasks
CatViz allows users to interactively explore a group of im-

ages and their semantic contributors. They can easily conduct an
in-depth investigation of an AI model’s prediction output in the
space defined by contribution scores for multiple semantic con-
tributors. The system aims to address the following tasks that are
not well supported in existing XAI approaches:

• At the group level, to learn how each semantic feature con-
tributes to the prediction results, identify the major contribu-
tors, and discover contributors negatively contributing to the
results. Such information about an image group will help
users get a comprehensive understanding of the output of
the AI model.

• To discover clusters and outliers of images identified using
their similarities in the contribution scores, and learn their
contribution score patterns. Such insights can help users in
tasks such as selecting training images.

• To examine details of a cluster, and compare multiple clus-
ters for their shared and distinct contribution score patterns.
This will help users discover and understand different paths
to the prediction results.

• To conduct detailed analyses of the relationships between a
prediction result and the contribution scores at the individ-
ual image level. Such a drill-down study can help users get
insights, such as why specific images are misclassified.

• To retrieve images and heatmaps based on their contribution
scores, and rank them by scores on one or more semantic
contributors of interest. This allows users to delve into a
smaller subset of images and heatmaps with interesting se-
mantic features for further analysis.

As an experimental system for exemplifying the usages of
the contribution scores of semantic contributors, CatViz provides
a set of coordinated visualizations and interactions based on the
contribution scores of semantic features. They are introduced in
the following sections.

CatViz Visualization Interface
Scatterplot: In the scatterplot (see Fig. 8D), the images are
mapped from the high dimensional space defined by the contri-
bution score vectors to a 2D embedded space using t-SNE [34],
a dimensionality reduction technique. Each image is shown as a
symbol representing their classification categories, and the adja-
cency of their positions reflects their similarities in contribution
scores. From this view, users can visually discover clusters of im-
ages with similar contributions on semantic features and identify
outliers. Users can use a lasso tool to define multiple image selec-
tions, each having a set of interesting images for further analysis.
Users can click on any image in this view, and its raw image,
heatmap, contribution score bar chart, and classification category
will be displayed for detailed analyses.
Statistics bar charts: A set of bar charts showing aggregated in-
formation of one or two selections of multiple images (from the
lasso tool), including their average contribution scores on seman-
tic contributors, top classification categories, and top contributors
(see Fig. 9A, Fig. 8F). These bar charts allow users to learn and
compare the contribution scores of the image selections side-by-
side.
Detail panel: This panel presents detailed information about an
image selection, including their raw images, heatmaps, contribu-
tion score bar charts, and classification categories. For two selec-
tions, the information will be displayed side-by-side in the detail
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panel for comparison (see Fig. 8I). This panel enables users to
closely inspect individual images to gain deeper insights into their
characteristics and the underlying reasons for their classification.
Control panel: This panel allows users to manage the classifica-
tion categories (Fig. 8A) highlighting on the scatterplot. It also
includes a set of filters (Fig. 8B) for interactive control of images
displayed. Moreover, the existing selections of images are listed
and users can manage them in Fig. 8C.

CatViz Visual Interactions
CatViz provides the following interactives based on the con-

tribution scores of features:
Filtering: Users can filter images using a set of score range filters,
one for each semantic contributor as shown in (Fig. 8B). This al-
lows users to define thresholds of contribution scores (Hk in Eqn.
5) of all semantic contributors, so as to narrow down to subsets of
images with interesting contribution score patterns. Here, the con-
tribution scores can be changed in the range of [-60% · · · 60%].
The threshold limits are defined since for this dataset the largest
possible contribution score for all features is lower than 60%.

CatViz provides real-time updates on the scatterplot and the
detailed image display when users move slides on the filters for
instant visual feedback. The positions of the images in the scat-
terplot remain the same for visual consistency.
Ranking: Users can rank images in the detail panel in ascend-
ing or descending order based on their contribution scores of any
semantic contributors as shown in (Fig. 8G, Fig. 10A, B). This in-
teraction allows users to identify score trends and patterns on the
sorting contributor, as well as explore the relationship between the
sorting contributor and the selection criteria (e.g. lasso selected
clusters, selection by classification outcomes, and more).
Dynamic clustering with user-adjusted semantic contributor
weights: CatViz allows users to interactively assign external
weights to the semantic contributors (Fig. 8H). Semantic con-
tributors with higher weights will have bigger influences on the
t-SNE projection. In similarity computation, the classic cosine
similarity of two contribution vectors H⃗l , H⃗m of two images l and
m is improved as:

δ (H⃗l , H⃗m) =
∑

K
k=1(HlkWk)(HmkWk)√

∑
K
k=1(HlkWk)2.∑K

k=1(HmkWk)2
(6)

where Wk is the weight of feature k, K is the number of features.
Here, δ denotes the similarity measure between the semantic con-
tribution vectors of two images, computed using cosine similarity.

Consequently, higher-weighted semantic contributors shape
the layout of the t-SNE projection, and the scatterplot is updated
accordingly. This interaction allows users to adapt the cluster
structure in the scatterplot based on their analysis interests for
more customized cluster and outlier identification.

Cosine similarity is employed because it captures the relative
distribution of contributions across semantic features, consistent
with our normalized score design, whereas Euclidean distance is
sensitive to absolute scale.

Use Scenarios of CatViz
This section demonstrates the functional validation of CatViz

through usage scenarios, highlighting how the system supports
exploration and interpretation of semantic feature contributions.

In this section, we present a few example scenarios to
demonstrate the usefulness of CatViz. In these scenarios, a
user (named Alice for easy description) explores the cat dataset.
Among them, 160 images are classified as cats, 25 images are
classified as non-cat animals, and 25 images are classified as non-
animal categories by the VGG16 model [30].

In our examples, seven semantic contributors of these cat im-
ages are processed by the proposed algorithms including Left Eye
(LE), Right Eye (RE), Left Ear (LE), Right Ear (RE), Nose (N),
Body (B), and Background (BG). Their contribution scores are
all computed to a top category of cats, which are used for visual
analysis. Please note that: (1) For images with a top classification
as non-animal objects or non-cat animals, we use its first cat cat-
egory in classification instead of using their top non-cat category.
Because it is not meaningful to compute the similarity between
two contribution vectors towards different categories such as a cat
and a non-cat object (e.g., pumpkin). More importantly, our goal
is to study these images labeled as cats in the database, based on
the contributions of semantic features to the classification of cats.
(2) For the images predicted as cats, we do not distinguish differ-
ent types of cats (e.g., tiger cat, Persian cat). The top cat category
is used to generate the heatmap and bar chart. The reason is that
there exists no fact label for each image for its cat type. Then
it is difficult to study the differences among different cat types in
CatViz. We consider them as a category cat in the following study.

Scenario 1: Browsing and Cluster Analysis
Alice loads the cat dataset into CatViz and starts her ex-

ploration by browsing the scatterplot (Fig. 9A). All 160 images
are projected to the embedded space using t-SNE. The circles,
squares, and triangles represent the images classified as cats (Cat),
non-cat animals (NC), and non-animals (NA), respectively. She
observes that the images are separated into several clusters, but
their boundaries are vague. Images classified as non-cat animals
and non-animals are scattered in most clusters. Looking at the
statistics bar charts (Fig. 9A), she notices that Background has
the highest average scores in semantic contributors, and it is the
top contribution feature for a large number of images. She wants
to focus on the anatomical features of cats in the scatterplot. Thus
she increases the weights (Wk in Eqn. 6) of the Left Eye, Right
Eye, Left Ear, Right Ear, Nose, and Body from the default value
of 1 to 10 while keeping the weight of Background 1. As shown
in Fig. 8D, after the weight adjustment, there are coherent clusters
in the scatterplot with clear boundaries between most of them.

Using the lasso tool, Alice creates six selections (Fig. 8C),
each for one cluster, and examines them one by one. From the
statistics bar charts of these clusters (Fig 9B-G), she finds the im-
ages in the brown cluster generally indicate strong positive con-
tributors on all the anatomical features (Fig. 9B). On the other
hand, the images in the green cluster show negative contributions
from the Right Eye (Fig. 9C), while other features give positive
contributions. Alice is keen on comparing the two clusters, so she
sends both to the detail panel for a comparative study (Fig. 8).
The statistical bar charts in the comparison mode (Fig. 8F) reveal
that the main difference between these two clusters is their scores
on the Right Eye. Alice thus sorts the images by Right Eye scores
from high to low. From the detail panel (Fig. 8I), she confirms
that the brown cluster only contains images with positive scores
on Right Eye while images in the green clusters all have high neg-
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Figure 9: Example scenarios about data browsing and cluster analysis over CatViz. (A) Left: The initial scatterplot of the cat dataset,
where all features have the same weight. Right: The statistics bar charts for the whole dataset. (B)-(G) Left: The scatterplots with heavier
weights on anatomical features. One cluster is highlighted in each figure. Right: The statistics bar charts for the cluster selected.
ative scores on Right Eye.

Moving on, she proceeds to examine the rest of the clus-
ters. The yellow cluster (Fig. 9G) looks interesting to her. No-
tably, she discovers that images within this cluster exhibit nega-
tive scores across all anatomical features but positive values in the
Background. Furthermore, she observes that many images in this
cluster are categorized as non-animal. Intrigued, she decides to
delve deeper into the study of the Background feature at a later
time. She also finds in the purple cluster (Fig. 9D), all features
contribute positively, with Nose being the most significant con-
tributor.

Next, Alice conducts further investigation by directly click-
ing images on the scatterplot at interesting positions to examine
their details (Fig. 8E). This interactive approach aids in pinpoint-
ing outliers that lay far away from the cluster centers.

Through the above explorations, Alice gained knowledge
that the classification output can be attributed to a variety of com-
positions of features. In other words, there exist latent subgroups

of these cat images as inferred by the AI model, which may be
employed in model refinement. This finding cannot be easily
achieved without the proposed method and interface.

Scenario 2: Analyzing the Background Feature
To conduct a focused analysis of the Background feature, Al-

ice resets the weights, sets all anatomical filters to the range of [0,
60] to exclude the influence of misclassified features, sends the re-
sulting images to the detail panel, and sorts them by Background
score from high to low. From the top of the detail panel (they are
the same images as shown in Fig. 10A), where images exhibit
high Background scores, she discovers intriguing images where
the background prominently stands out, such as an image with a
cat sitting on an office table. In these images, the cat’s anatom-
ical features are positive contributors, while the Background is
the top contributor. Alice is particularly intrigued by such im-
ages, prompting her to adjust the Background filter by dragging
the left slider towards the right. Interestingly, she observes that as
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Figure 10: Example scenarios about background feature analysis and image retrieval of CatViz. (A) Analyzing the Background feature.
The images are retrieved using the Background filter (within the range [30, 60]) and the anatomical filters (within the range [0,60]). The
statistics bar charts show that most images are classified as non-animal, and Background is the top contributing feature for all images.
The images are sorted by Background scores from high to low, and those with dominant backgrounds stand out. (B) Retrieving images
of cats with turned heads using the Left Eye filter (positive contribution within the range [0, 60]) and the Right Eye filter (negative
contributions within the range [-60, 0]).

the lower limit threshold of the filter approaches 30, the filtered
images are consistently categorized as non-animal with a few ex-
ceptions of non-cat animals, as shown in the statistics bar charts
in Fig. 10A. These images indicate an interesting finding: the AI
model considers that the background objects also contribute a pos-
itive value to the classification of a cat. This is not an error since
the heatmaps directly from LRP also show positive pixels in red
on the backgrounds. However, it can be observed from the clas-
sification category bar chart that these images’ top classification
category is non-animal (NA) because these background objects
have higher contribution scores to that category. Model designers
may need to examine the corresponding neural network to fur-
ther study the roles of background objects. CatViz allows them to
easily find these interesting images for further investigation.

Scenario 3: Image Retrieval
Alice wonders if she can retrieve images where a cat’s head

is turned away from the camera. This task can be conducted by
making use of the Left Eye and Right Eye contributors. Toward
this goal, she sets the range of the Left Eye filter to [0, 60] and
the range of the Right Eye filter to [-60, 0]. A positive contri-
bution from the Left Eye and a negative contribution from Right
Eye may indicate that the Right Eye is hidden or not clear while
a cat turning its head. When Alice examines the results (shown
in Fig. 10B), she finds that most of the images depict cats whose
heads are turning away from the camera, which is what she de-
sires. However, there are also images where the cats are facing
the camera selected by the filters. She examines their heatmap

images and finds their Right Eye regions are colored blue, indicat-
ing negative pixels. In addition, many of them are classified with
a top category as non-cat animals, such as “Hamster”. She real-
izes that the right eyes of the cats in these images are not detected
as cat eyes by the AI model. They may be recognized as other
animals’ eyes. These unexpected outcomes are worth studying by
the designers of the AI model. This example shows that the con-
tribution scores of semantic contributors can help users quickly
detect specific input images related to AI behaviors.

Benefits

This section complements the functional validation by pre-
senting expert feedback on CatViz, focusing on its usability, in-
terpretability, and practical value.

The example use scenarios demonstrate a set of benefits from
its new visual analytical capabilities enabled by semantic contrib-
utors. First, users can perform analysis of the XAI output over
many images intuitively and efficiently, which was not feasible
with existing tools. Second, users can gain knowledge about se-
mantic feature composition (or combination) leading to AI clas-
sification results, either correct or incorrect. This can be used to
improve the AI model. Third, users can separate the images into
subgroups with different classification behaviors, and also detect
outlier images. This can help them further fine-tune a training pro-
cess. Fourth, the visual exploration results can be quantitatively
summarized to support decision-making and precisely conveyed
to collaborators and stakeholders.
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Expert Feedback and Discussion
We interviewed an AI domain scientist, who is a university

professor teaching AI, NLP, and ML-related classes and has abun-
dant knowledge and skills in image classification. At the begin-
ning of our interview, we provided a thorough introduction to our
approach, CatViz, and the example scenarios. During the inter-
view, we discussed several topics regarding usability, impact, and
potential improvements of CatViz. The expert provided insights
based on his experience in the domain of image classification and
shared valuable feedback on CatViz’s features and functionalities.

Overall, the expert emphasized that CatViz offers a useful
bridge between pixel-level explanations and higher-level seman-
tic features, making it easier for both students and researchers to
interpret model reasoning. He highlighted the strength of visual-
izing contributions at the semantic feature level, which provides
more intuitive insights than traditional heatmaps. At the same
time, he suggested that future work could broaden the evaluation
to include diverse datasets and user groups to further strengthen
its generalizability. This feedback complements the student user
study by offering an expert perspective, thereby supporting the
relevance and applicability of CatViz in both research and teach-
ing contexts.
Feedback on Usability: The expert highlighted several positive
aspects of CatViz, including its embedded view, ranking, filter-
ing, and the study of clusters. He appreciated the system’s ability
to visualize image groups in an embedded space, enabling users
to explore similarities and patterns effectively. He said, “The se-
mantic features for the cat dataset seem spot on.” In addition,
he mentioned that the ranking and filtering functionalities pro-
vide flexibility in analyzing semantic features and refining selec-
tions. Furthermore, the expert found the study of clusters valu-
able for understanding feature contributions and model predic-
tions. As he noted, “I particularly found valuable the ability to
adjust thresholds of each of the semantic features to further ana-
lyze the data and understand how those features were contributing
to the model’s prediction.” Here is the breakdown of the expert’s
opinion on individual functionalities of our system:

• Embedded view: Within the embedded space, the expert eas-
ily explored images for visual examination, enhancing his
understanding of the structures and relationships within the
datasets.

• Ranking: The expert appreciated that the ranking provided
an opportunity to see patterns within the dataset and to un-
derstand how these relate to the semantic features affecting
image classification outcomes.

• Filtering: The expert found the filtering feature especially
beneficial for isolating images based on specific semantic
features. This allowed him to focus on images with strong
background features, which may predominantly classify as
non-animal or non-cat.

• Study of clusters: The expert deemed the study of clusters
feature valuable for identifying similarities among images
and understanding feature contributions and model predic-
tions.

• Weight assignment: This functionality allows weight assign-
ment on semantic features. The expert commented that this
feature could help users customize the analysis and find out-
liers.

Feedback on System Impact: The expert emphasized the impor-
tance of XAI techniques in improving intelligibility and interpre-
tation within image categorization. He was optimistic about the
CatViz’s ability to reveal semantic contributors and their signif-
icance in image classification. He commented that through in-
novative visualization methods, CatViz offered a promising route
toward analyzing image datasets and understanding the main fac-
tors affecting classification results. He commented that CatViz is
a powerful tool that users can leverage to explore hidden patterns
behind machine learning predictions.
Limitations and Suggestions: As for the limitations, the expert
raised concerns about the adaptability of CatViz to datasets with
less intuitive semantic features, such as medical data. He sug-
gested considering how the system could discover semantic fea-
tures for such datasets or datasets understood only by domain ex-
perts. Additionally, the expert questioned whether the visualiza-
tion could accommodate more than 6-7 semantic features, high-
lighting the need for improvement in handling increasing dimen-
sions and scales. Moreover, the expert emphasized the importance
of a robust assessment process. He highlighted how crucial it is
to put the system through extensive testing, particularly with the
involvement of domain experts.

Conclusion and Future Work
This paper presented a novel approach to enhancing explain-

able AI (XAI) for image classification by quantifying the contri-
butions of semantic features within input images. Unlike pixel-
or patch-level methods, our feature-level approach computes con-
tribution scores for predefined semantic features, enabling intu-
itive interpretation and visual exploration, as demonstrated in the
CatViz prototype. Applied to the ImageNet cat dataset and the
CUB-200 bird dataset, the method produced interpretable feature-
level contribution patterns, suggesting potential portability across
classes.

Future work will focus on several directions. First, integrat-
ing advanced semantic segmentation and user refinement tools
will help define specialized semantic features. Second, we plan to
evaluate the approach on more diverse datasets to assess general-
izability and scalability. Third, improvements in computation and
visualization will support higher-dimensional features and larger
datasets. In domains such as medical imaging and industrial in-
spection, we will collaborate with experts to define and validate
domain-specific semantic contributors. To address current limi-
tations, we will explore semi-automated annotation protocols to
reduce manual effort and investigate alternatives like UMAP for
more stable embeddings. Finally, systematic quantitative valida-
tion, such as occlusion-based tests and ground-truth comparisons,
will be performed to assess the alignment between feature contri-
butions and model reasoning.
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