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Abstract 
Deep learning models can support breast cancer diagnosis in mammography, but their predictions are not explainable 
enough to count on their decision. Class activation mapping (CAM) techniques highlight image regions that contribute to 
a model’s decision, yet existing approaches frequently produce diffuse saliency maps that include large areas with limited 
influence on the prediction. In this work, we employ Hybrid-CAM, a visualization method that combines global channel 
importance with high-resolution spatial activations, to generate more precise and faithful explanations of model behav-
iour. We show that even a comparatively simple convolutional neural network, when paired with an appropriate visuali-
zation technique, can yield substantially improved explainability.  
Quantitative insertion–deletion metrics, together with qualitative visual inspection, demonstrate that Hybrid-CAM pro-
duces more focused and reliable explanations, particularly at intermediate network layers, by concentrating on regions 
that truly drive the model’s predictions. 

1 Introduction 
Breast imaging plays a central role in detecting and as-
sessing lesions, often guiding key diagnostic and treatment 
decisions [1]. In recent years, Artificial Intelligence (AI) 
has been increasingly used to support this process by ana-
lyzing medical images [2]. These models learn complex di-
agnostic patterns from large collections of medical images, 
enabled by their rich hierarchical representations [2]. 
Although they often achieve high performance in lesion de-
tection and assessment, they usually provide only a final 
prediction without indicating which image regions contrib-
uted to it [1], [3]. This lack of transparency is especially 
problematic in breast imaging, where subtle or low-con-
trast abnormalities may influence clinical decisions [3]. 
Deep learning methods are also applied to Contrast-En-
hanced Spectral Mammography (CESM), a radiographic 
modality designed to visualize cancerous lesions more 
clearly, to support lesion detection and diagnostic evalua-
tion [4]. However, their predictions still do not indicate 
which image regions drive the outcome [3]. 
Clear visual explanations, complemented by quantitative 
assessment, are therefore essential for understanding 
model behavior and for analyzing potential errors [5]. 
To understand how these models make predictions, it is 
useful to consider how they process images. Most current 
methods for breast image analysis use convolutional neural 
networks (CNNs), which extract visual patterns through a 
series of layers. Each layer applies small learned filters that 
scan the image and produce feature maps that indicate 
where specific patterns occur [2] as shown in Figure 1. 
In 2016, Zhou et al. introduced Class Activation Mapping 
(CAM), a technique that uses the final-layer feature maps 
to identify the image regions that contributed most to a 
given prediction [6]. CAM generates a spatial heatmap that 
highlights areas with high relevance for the model's deci-
sion, providing an intuitive visual representation of which 
regions influenced the outcome. 

Figure 1: Overview of a typical CNN. 

Several variants of CAM build on this idea. Gradient-
weighted CAM (Grad-CAM) estimates how the model’s 
output would change if a pattern detected in a deep feature 
map were strengthened, and uses this as an importance 
weight in the heatmap [7]. Because it operates on deep, 
low-resolution feature maps, the resulting heatmaps often 
highlight broad regions. 
Score-CAM measures how the model’s prediction changes 
when different parts of the input image are masked or re-
vealed [8]. Regions that raise the class score when kept vis-
ible are considered important. Since each mask is tested in-
dependently, Score-CAM does not account for how multi-
ple areas may jointly influence the prediction. 
To address these limitations, we introduce Hybrid-CAM 
[9]. It starts from a Grad-CAM map and then evaluates 
which of the highlighted regions still support a high model 
prediction when the salient regions are selectively pre-
served in the image. Areas that continue to support the pre-
diction are preserved, while diffuse or less relevant areas 
are suppressed. The resulting map isolates the areas that 
were most influential for the model’s decision. 
The main contributions of this work are as follows: 

• We introduce Hybrid-CAM, a refinement of
Grad-CAM that reduces over-highlighting and
provides clearer, decision-relevant explanations.

• We provide a quantitative and qualitative com-
parison with Grad-CAM, Score-CAM, and Hy-
brid-CAM on a ConvNeXtV2-Tiny model [10]
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Figure 2: Overall workflow from input image and preprocessing, through ConvNeXtV2-Tiny feature extraction, to 
CAM generation (Grad-CAM, Hybrid-CAM, Score-CAM) and faithfulness evaluation.

using insertion-deletion metrics [11] on a public 
CDD-CESM dataset [12].

The remainder of this paper is organized as follows: 
Section 2 describes the dataset, backbone architecture, and 
the proposed Hybrid-CAM method. Section 3 outlines the 
evaluation protocol, and Sections 4 and 5 reports quantita-
tive and qualitative results. In Section 6, we conclude the 
results and discuss future work.  
2 Methodology 
In this section, we outline how the fine-tuned Con-
vNeXtV2-Tiny model was prepared for explainability 
analysis on low-energy CESM images. After prepro-
cessing, the images pass through the network, and feature 
maps are extracted from two layers: Stage 3 Block 9, the 
deepest layer that still preserves a clear spatial layout of the 
breast, and Stage 4 Block 3, the final block before classifi-
cation. These maps are used to compute Grad-CAM, 
Score-CAM, and Hybrid-CAM. The resulting explanations 
are then evaluated with insertion–deletion metrics and vis-
ualized on representative test cases. 

2.1 Dataset and Preprocessing 
Experiments were conducted on the low-energy subset of 
the public CDD-CESM dataset [12]. A ConvNeXtV2-Tiny 
model pretrained on ImageNet-22K was fine-tuned for be-
nign–malignant classification [10], achieving 92.2% spec-
ificity, 56.1% sensitivity, and 82.1% precision. CAM anal-
yses were performed on a held-out test set of 141 images, 
following the pipeline illustrated in Fig. 2. All test images 
were processed using the same validation pipeline used 
during model training.  

2.2 Backbone Network: ConvNeXtV2-Tiny 
ConvNeXtV2-Tiny is used as the backbone in this study. It 
is a convolutional network that integrates several design el-
ements inspired by transformer models, while retaining the 
spatially organized processing characteristic of CNNs [10]. 
This combination allows the model to capture both local 
details and broader patterns, which are crucial in breast im-
aging, where the appearance of a lesion often depends on 
its surrounding tissue. Figure 2 illustrates the four stages of 
the ConvNeXtV2 backbone, where earlier stages empha-
size low-level image structures such as edges or subtle tex-
tures, while deeper stages capture complex diagnostic pat-
terns. Each stage contains several ConvNeXt blocks, which 
act as small processing units that extract and refine patterns 
using a 7 × 7 depthwise convolution to examine a larger 

local area, followed by two 1 × 1 convolutions that com-
bine and refine the extracted features. Across stages, the 
number of feature maps increases, allowing the model to 
capture more complex patterns. For the explainability anal-
ysis, we use the last block of Stage 3 and the last block of 
Stage 4 of the ConvNeXtV2-Tiny model, as shown in Fig. 
2.  At these depths, the feature maps retain sufficient spatial
resolution to indicate where the model is focusing, while
also encoding higher-level information that strongly influ-
ences the benign-malignant decision. These characteristics
make these blocks well-suited for CAM-based explanation
and for assessing whether the model relies on clinically rel-
evant regions.

2.3 Grad-CAM 
CAM methods produce spatial heatmaps that highlight 
which regions the model considers relevant for a predic-
tion [6]. Grad-CAM does this by using the gradients of 
the class score with respect to the feature maps of a se-
lected layer [7]. Let 𝑨𝑨𝒌𝒌 denote the 𝒌𝒌-th feature map at this 
layer, with spatial dimensions 𝑯𝑯 × 𝑾𝑾. A feature map is 
the 2D activation map produced by one channel of a con-
volutional layer, where each value 𝑨𝑨𝒌𝒌(𝒊𝒊, 𝒋𝒋)  indicates how 
strongly this channel responds to a pattern at the location 
(𝒊𝒊, 𝒋𝒋). Let 𝒚𝒚𝒄𝒄 denote the model score for class 𝒄𝒄 before the 
final softmax. The gradient 𝝏𝝏𝒚𝒚𝒄𝒄/𝝏𝝏𝑨𝑨𝒌𝒌(𝒊𝒊, 𝒋𝒋) describes how 
much the class score would change if the activation 
𝑨𝑨𝒌𝒌(𝒊𝒊, 𝒋𝒋) were increased, and thus reflect its relevance for 
class 𝑐𝑐. Grad-CAM then computes a single importance 
weight for each feature map by averaging these gradients 
over all spatial positions: 𝒘𝒘𝒌𝒌 = ∑ 𝝏𝝏𝒚𝒚𝒄𝒄

𝝏𝝏𝑨𝑨𝒌𝒌(𝒊𝒊,𝒋𝒋)𝒊𝒊,𝒋𝒋 

A positive 𝑤𝑤𝑘𝑘 means that increasing feature map k tends to 
increase the prediction for class 𝑐𝑐, whereas a negative 𝑤𝑤𝑘𝑘 
indicates the opposite.  
The Grad-CAM heatmap is then obtained as: 

𝐶𝐶𝐶𝐶𝐶𝐶(𝑖𝑖, 𝑗𝑗) =  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ( ∑ 𝑤𝑤𝑘𝑘𝐴𝐴𝑘𝑘(𝑖𝑖, 𝑗𝑗)
𝑘𝑘

)

where the summation aggregates contributions from all 
feature maps. The ReLU (rectified linear unit) function sets 
negative values to zero, so that only features that support 
the prediction remain visible in the map. The heatmap is 
finally upsampled and normalized for visualization. 

2.4 Hybrid-CAM 
Grad-CAM shows where the model focuses, but it does not 
reveal how strongly these highlighted regions influence the 

DOI 10.5162/iCCC2026/P28



iCCC2026 - iCampus Cottbus Conference 2026 233

prediction when those regions are actually perturbed or re-
moved. Hybrid-CAM addresses this by introducing con-
trolled perturbations: it preserves only the most salient ar-
eas of the Grad-CAM map, replaces the remaining pixels 
with a baseline, and measures how the model's output 
changes. Given an input image 𝑥𝑥 and its Grad-CAM map 
𝐴𝐴(𝑖𝑖, 𝑗𝑗),  pixels are ranked by saliency. For each area level 
𝑝𝑝 ∈ {1,2,3,5,10,20,35,50,70,90}%, indicating that only 
the top p of 𝐴𝐴(𝑖𝑖, 𝑗𝑗) is retained, a binary mask 𝑀𝑀𝑘𝑘 preserves 
those locations while the remaining pixels are replaced 
with a blurred baseline xblur (Gaussian blur, 𝜎𝜎 =35): 

𝑥𝑥𝑝𝑝 = 𝑀𝑀𝑝𝑝 ⊙ 𝑥𝑥 + (1 − 𝑀𝑀𝑝𝑝) ⊙ 𝑥𝑥blur 
where ⊙ denotes elementwise multiplication across spatial 
locations. 
Let 𝑦𝑦(⋅) denote the model’s output score for class 𝑐𝑐, i.e., 
the raw value produced by the final linear layer before 
probabilities are computed. This score can take any real 
value, with higher values indicating stronger evidence for 
the class 𝑐𝑐. For each masked input 𝑥𝑥𝑝𝑝 we compute 

𝛥𝛥(𝑝𝑝) = 𝑚𝑚𝑚𝑚𝑚𝑚 (0,  𝑦𝑦(𝑥𝑥𝑝𝑝) − 𝑦𝑦(𝑥𝑥blur)) 
which measures how strongly the preserved region in-
creases the prediction compared to the blurred baseline. 
These effects are projected back to the spatial domain via 

𝑆𝑆(𝑖𝑖, 𝑗𝑗) = ∑ 𝑤𝑤(𝑝𝑝)
𝑝𝑝

 𝛥𝛥(𝑝𝑝) 𝑀𝑀𝑝𝑝(𝑖𝑖, 𝑗𝑗), 𝑤𝑤(𝑝𝑝) = 1
√𝑝𝑝

Where 𝑆𝑆(𝑖𝑖, 𝑗𝑗) reflects the accumulated contribution of the 
preserved regions across different mask sizes. The factor 
𝑤𝑤(𝑝𝑝) = 1/√𝑝𝑝 slightly down-weights masks with larger 
area levels 𝑝𝑝, which would otherwise add more to 𝑆𝑆(𝑖𝑖, 𝑗𝑗) 
simply because they cover more pixels. This keeps the in-
fluence of small, focused masks and larger masks on a 
comparable scale. 
The resulting map is combined with the Grad-CAM map to 
obtain the final Hybrid-CAM heatmap: 

𝐻𝐻(𝑖𝑖, 𝑗𝑗) = norm(𝐴𝐴(𝑖𝑖, 𝑗𝑗) ⊙ 𝑆𝑆(𝑖𝑖, 𝑗𝑗)) 
𝐻𝐻 highlights locations that are strongly emphasized by 
Grad-CAM and that still increase the class score when they 
are preserved in the perturbed inputs 𝑥𝑥𝑝𝑝. This focuses the 
heatmap on regions that make a robust positive contribu-
tion to the prediction, rather than on broad areas with weak 
or diffuse responses. 
3 Faithfulness Evaluation 
We assess explanation quality using the insertion–deletion 
(I/D) framework from RISE (Randomized Input Sampling 
for Explanation) [11], a widely used faithfulness metric for 
saliency maps [5]. Each image is divided into a 𝑔𝑔 × 𝑔𝑔 grid, 
meaning it is split into 𝑔𝑔 rows and 𝑔𝑔 columns of equally 
sized patches. For every patch, we compute a relevance 
score as the average value of the explanation map 
𝐴𝐴(𝑖𝑖, 𝑗𝑗) inside that patch. Sorting these patch scores then 
gives an ordering from most to least relevant. Masked 
patches are replaced with a Gaussian-blurred baseline im-
age 𝜎𝜎 =35. For a fraction p of inserted or removed patches, 
we measure the model’s score, denoted 𝑃𝑃ins(𝑝𝑝) and 𝑃𝑃del(𝑝𝑝). 
Faithfulness is summarized by the area under these curves: 

AUCins/del = ∫ 𝑃𝑃ins/del(𝑝𝑝)
1

0
 𝑑𝑑𝑑𝑑 

A high AUCins indicates that relevant regions are added 
early, whereas a low AUCdel indicates that removing high-
lighted regions strongly reduces the prediction. We vary 
the explanation layer (Stage 3 Block 9 and Stage 4 Block 
3). The perturbation grid was fixed to 𝑔𝑔 = 24 × 24, and 
all metrics used the model’s predicted class as the target to 
evaluate faithfulness to its own decision. 
4 Quantitative Results 

Score-CAM 
AUCins/AUCdel

Grad-CAM 
AUCins/AUCdel

Hybrid-CAM 
AUCins/AUCdel

TP 0.407/0.955 0.958/0.361 0.963/0.350 

TN 0.941/0.830 0.931/0.727 0.942/0.742 

Table 1: Average Insertion and Deletion AUC for Score-
CAM, Grad-CAM, and Hybrid-CAM at Stage 3 Block 9, 
computed with a blur baseline (σ = 35) and a 24×24 grid. 
Values are averaged over TP (32 cases) and TN (83 cases). 

Score-CAM 
AUCins/AUCdel

Grad-CAM 
AUCins/AUCdel

Hybrid-CAM 
AUCins/AUCdel

TP 0.911/0.254 0.593/0.737 0.612/0.735 

TN 0.957/0.879 0.906/0.888 0.827/0.928 

Table 2: Average Insertion and Deletion AUC at Stage 4 
Block 3. 

For true positives (TP) in Stage 3 Block 9 as shown in Ta-
ble 1, Hybrid-CAM achieves the strongest results 
(0.963/0.350), closely followed by Grad-CAM 
(0.958/0.361). Both methods clearly affect the model’s 
prediction when their highlighted regions are modified, 
suggesting that they capture the area that are most relevant 
for the decision. Score-CAM performs weakly 
(0.407/0.955), meaning that modifying its highlighted re-
gions has little impact on the output. Table 2 shows the re-
sults in Stage 4 Block 3, the scores for Hybrid-CAM and 
Grad-CAM become weaker, with lower insertion and 
higher deletion values. This indicates that changes in the 
highlighted regions have a less direct effect on the predic-
tion at this depth. For true negatives, all methods show 
higher deletion values, which is expected because benign 
predictions do not rely on a single dominant region but ra-
ther on the overall absence of suspicious patterns. Overall, 
Hybrid-CAM provides slightly more faithful explanations 
than Grad-CAM at Stage-3 Block-9. In contrast, Score-
CAM performs best at the deepest layer (Stage-4 Block-3). 
5 Qualitative Results 
To complement the quantitative findings, we qualitatively 
inspected the explanations for a representative true-posi-
tive and true-negative example Fig. 3a and Fig. 3b. Hybrid-
CAM and Grad-CAM are shown at Stage 3 Block 9, where 
they exhibited the strongest quantitative effect. Score-
CAM is shown at Stage 4 Block 3. In these visualizations, 
the color scale indicates the relative contribution to the pre-
dicted class score: for malignant cases, the maps show con-
tributions to the class-1 score, while for benign cases, they 
show contributions to the class-0 score. 
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Original, Score-CAM, Grad-CAM, Hybrid-CAM        
(a) True positive

Original, Score-CAM, Grad-CAM, Hybrid-CAM 
(b) True negative

Figure 3: Qualitative comparison of Score-CAM, Grad-CAM, and Hybrid-CAM for a TP and TN example. Each  
block shows the original image and the corresponding saliency maps, with a separate color bar indicating the score scale 
for the respective class. 

Fig. 3a shows a true-positive mammogram case. Both Hy-
brid-CAM and Grad-CAM highlight a small number of 
distinct regions that contribute to the malignant prediction. 
Grad-CAM displays several separate activation points, 
whereas Hybrid-CAM produces a more compact pattern in 
similar locations. Score-CAM shows a broader activation 
pattern in this deeper layer, which matches its stronger 
quantitative influence at Stage 4 Block 3.   
Fig. 3b illustrates a true-negative example. The highlighted 
regions mainly contribute to the benign prediction. Hybrid-
CAM and Grad-CAM show low-intensity responses, often 
around breast edges and broader texture patterns, suggest-
ing that the model does not rely on a single dominant re-
gion for this decision. Score-CAM again produces a wider 
activation pattern at Stage 4 Block 3, consistent with the 
more diffuse behavior observed in the quantitative evalua-
tion for this layer. 
Overall, the qualitative examples illustrate different activa-
tion behaviors within the selected layers, with Hybrid-
CAM and Grad-CAM showing more compact patterns at 
Stage 3 Block 9 and Score-CAM appears more diffuse in 
Stage 4 Block 3 used for visualization. 
6 Conclusion 
This work investigated explainability in a CNN-based clas-
sifier using Class Activation Mapping techniques to ex-
plain the model decision using saliency maps. We intro-
duced Hybrid-CAM, a refinement of Grad-CAM that in-
corporates controlled perturbations to assess whether high-
lighted regions truly affect the model output. Quantitative 
insertion-deletion metrics and qualitative examples 
showed that Hybrid-CAM produces more focused and 
faithful explanations than Grad-CAM and Score-CAM, 
particularly at intermediate network layers. These results 
indicate that evaluating the influence of highlighted re-
gions can provide clearer insight into how deep learning 
models form their predictions in breast imaging. 
In future work, we will take the main feature of Con-
vNextv2 and modify each of these features to find out how 
harsh the result will change. It will clarify for the novice 
medical practitioner to learn to identify cancerous lesions. 
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