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 Histopathological breast cancer images exhibit multi-scale variability and 

class imbalance, challenging automated classification. This study integrates 

conditionally parameterized convolutions (CondConv) into convolutional 

neural networks (CNNs) to enhance accuracy and robustness across 

heterogeneous magnifications. This study proposes CondConv-augmented 

mobile network version 2 (MobileNetV2) and densely connected 

convolutional network 121 (DenseNet121), which dynamically adapt 

convolutional kernels to input characteristics, improving generalization 

across spatial resolutions. This is the first evaluation of CondConv-based 

architectures for multi-magnification histopathological classification. This 

study evaluates these architectures at 40×, 100×, 200×, and 400× using 

imbalanced and class-rebalanced datasets. Performance was measured via 

convergence analysis, macro-averaged metrics, and statistical validation 

with Friedman tests, Nemenyi post-hoc comparisons, and Wilcoxon signed-

rank tests. CondConv-enhanced networks matched or surpassed static-kernel 

variants, with notable gains at 100× and 200× where scale variability peaks. 

These improvements persisted under class imbalance, demonstrating 

resilience to distributional skew. Although differences narrowed at 400× due 

to feature saturation, statistical analyses confirmed significant enhancements 

at lower magnifications, especially for CondMobileNetV2. 

Keywords: 

Breast cancer classification 

Class imbalance 

Conditionally parameterized 

convolutions 

Histopathology 

Magnification-aware CNNs 

Medical image analysis 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Wissal El Habti 

Intelligent Automation and BioMed Genomics Laboratory, Faculty of Science and Technology of Tangier 

Abdelmalek Essaadi University 

Tangier, Morocco 

Email: wissal.elhabti@etu.uae.ac.ma 

 

 

1. INTRODUCTION 

Breast cancer remains the most commonly diagnosed malignancy among women worldwide, 

accounting for 2.3 million new cases in 2022 alone, and contributing to over 670,000 cancer-related  

deaths globally across all types [1]. Within the continuum of cancer care, the diagnostic phase plays a pivotal 

role—serving as the gateway to staging, treatment planning, and long-term prognosis. Among the array of 

diagnostic methods, histopathological examination occupies a definitive position in the cancer patient 

lifecycle, providing microscopic validation of malignancy and guiding critical therapeutic decisions. Unlike 

imaging modalities such as mammography, ultrasound, or magnetic resonance imaging (MRI), 

histopathological analysis directly reveals the cellular and architectural changes characteristic of tumor 

progression, with minimal radiative risk to the patient [2]. 

Despite its central role in cancer diagnostics, histopathological slide interpretation remains a  

time-consuming process that demands expert pathologist input. The high volume of biopsy samples and the 
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nuanced morphological variations across cases make manual classification prone to fatigue-induced  

errors and inter-observer inconsistencies [3]–[6]. These limitations have prompted growing interest in 

computer-aided diagnostic (CAD) systems that incorporate artificial intelligence, particularly deep learning 

models [7]. Within histopathology, convolutional neural networks (CNNs) have shown particular 

effectiveness in learning discriminative morphological representations and automating tissue classification 

tasks [8], [9]. 

However, automated histopathological classification is challenged by the wide variation in image 

resolution across magnification levels. In datasets like breast cancer histopathological database (BreakHis), 

each sample is captured at multiple optical zoom levels (40×, 100×, 200×, and 400×), with each scale 

revealing distinct spatial and contextual cues. Conventional CNNs such as visual geometry group (VGG) and 

densely connected convolutional network (DenseNet) operate using fixed convolutional kernels, which lack 

the ability to adapt their receptive fields based on the input resolution. This inflexibility can lead to 

inconsistent performance when models are exposed to resolution shifts between training and testing  

data [10]. Additionally, CNN training is sensitive to dataset imbalance and annotation scarcity, leading to 

overfitting and reduced generalization [8], [10].  

Although some studies incorporate attention mechanisms or transfer learning to compensate for 

these issues [10]–[12], most still rely on static convolutional assumptions and evaluate models under 

aggregate performance metrics without stratifying by magnification. This leaves a critical gap in 

understanding how CNNs behave under real-world variability in image granularity. Notably, conditionally 

parameterized convolutions (CondConv), introduced in [13], offer a promising direction by enabling dynamic 

routing of input data through multiple expert convolutional filters.  

A keyword-based search on Google Scholar using “conditionally parameterized convolutions” AND 

“cancer” retrieved approximately 60 studies, the majority of which apply CondConv to segmentation, 

localization, or detection tasks. For instance, Zhang et al. [14] introduced dynamic on-demand network 

(DoDNet) for multi-organ and tumor segmentation using dynamic filters guided by task-aware priors. In 

cervical cytology, task decomposing and cell comparing network (TDCC-Net) [15] applied task 

decomposition and CondConv-driven contrastive learning for abnormal cell detection. Li et al. [16] 

embedded adaptive kernels into a dynamic hierarchical transformer network (DHT-Net), improving liver and 

tumor segmentation by enhancing spatial representation. These studies demonstrate the utility of CondConv 

in spatially localized tasks. However, to our knowledge, no prior work has systematically evaluated 

CondConv in histopathological image classification, particularly with magnification stratification. This study 

addresses this gap by integrating CondConv into two widely used CNNs—mobile network version 2 

(MobileNetV2) and DenseNet121—and evaluating their classification performance across four 

magnifications (40×, 100×, 200×, and 400×) using the BreakHis dataset. The investigation is guided by one 

primary research question: does the integration of CondConv into CNNs improve classification performance 

and robustness across magnification levels and data imbalance scenarios in histopathological breast  

cancer images? 

To address this question, this research was divided into several sections. Section 2 outlines the 

experimental methodology, which includes data collection and preprocessing; the integration of  

CondConv into MobileNetV2 and DenseNet121; and the formulation of evaluation protocols. Section 3 

reports and discusses the results, beginning with quantitative evaluations; followed by statistical analysis 

stratified by magnification level; including Friedman, Nemenyi, and Wilcoxon tests. Lastly, section 4 

concludes this research. 

 

 

2. MATERIAL AND METHOD 

2.1.  Data collection and preprocessing  

The BreakHis dataset was employed for training and evaluation, comprising 7,909 histopathological 

images of breast tumors collected from 82 individuals. Each sample is annotated as either benign or 

malignant and captured at one of four magnification levels: 40×, 100×, 200×, or 400× [17]. Representative 

samples across classes and magnifications are illustrated in Figure 1, highlighting the diversity in tissue 

morphology. Specifically, Figure 1(a) presents representative malignant histopathological images at 40×, 

100×, 200×, and 400× magnifications, while Figure 1(b) shows corresponding benign samples across the 

same magnification levels. The dataset was restructured for preprocessing into dedicated training, validation, 

and test folders per magnification. Data augmentation was applied exclusively to the training set and included 

random horizontal and vertical flips, affine rotations, color jittering, and scaled cropping, all designed to 

increase variability and enhance generalization. Images were uniformly resized to 224 × 224 pixels and 

normalized using the standard mean and standard deviation values from ImageNet. The dataset was then 

loaded into PyTorch data loaders for batch-wise training and evaluation, facilitating reproducibility and 

controlled experimentation. 
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– 40x – 100x – 200x – 400x 

    
(a) 

 

– 40x – 100x – 200x – 400x 

    
(b) 

 

Figure 1. Histopathological image samples from the BreakHis dataset across magnification levels:  

(a) malignant and (b) benign 
 

 

2.2.  Model architecture  

To address the representational limitations of static convolutional filters in conventional CNNs, 

CondConv were proposed [13] as a lightweight dynamic alternative that enhances model capacity with 

minimal inference overhead. Unlike traditional convolutions that use a single shared kernel for all inputs, 

CondConv layers dynamically assemble instance-specific kernels as a weighted sum of 𝑛 expert filters 

{𝑊𝑖}𝑖=1
𝑛 , guided by input-dependent routing weights 𝛼𝑖(𝑥). The output of a CondConv layer for an input 𝑥 is 

expressed as in (1). 
 

𝑂𝑢𝑡𝑝𝑢𝑡(𝑥) = 𝜎((𝛼1. 𝑊1 + ⋯ + 𝛼𝑛 . 𝑊𝑛) × 𝑥 (1) 
 

Here, σ(.) denotes the activation function, and the routing weights 𝛼𝑖(𝑥) = 𝑟𝑖(𝑥) ∈ [0,1] are computed 

through a differentiable mechanism involving global average pooling, a fully connected layer, and a sigmoid 

activation, as defined in (2). 
 

𝑟(𝑥) = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝐺𝐴𝑃(𝑥). 𝑅) (2) 
 

Where 𝑅 ∈ ℝ𝑑×𝑛 is a learned projection matrix and d is the number of channels. Crucially, this formulation 

is mathematically equivalent to a linear mixture of experts but remains computationally efficient by applying 

only a single forward pass per expert kernel per input.  

To evaluate the effectiveness of CondConv in the context of histopathology image classification, 

two architectures of differing complexity were selected. MobileNetV2 [18] was chosen for its efficiency and 

compactness, leveraging inverted residuals and depthwise separable convolutions to maintain low 

computational cost—making it suitable for real-time and embedded systems. DenseNet121 [19], on the other 

hand, offers deeper representation through densely connected blocks that facilitate gradient flow and feature 

reuse, making it a strong candidate for high-resolution tasks. By adapting the final convolutional blocks of 

these architectures to use CondConv, the study assesses whether the introduction of conditional computations 

benefits both lightweight and deeper CNNs in distinguishing multi-scale morphological patterns inherent in 

histopathological breast cancer images. 
 

2.2.1. CondMobileNetV2 

MobileNetV2 [18] is a lightweight CNN architecture designed for efficient image classification on 

resource-constrained devices. Its design is centered around two major concepts: depthwise separable 

convolutions and the inverted residual with linear bottleneck structure. This architectural innovation enables 

a significant reduction in parameter count and computational cost without compromising performance. The 

core building block of MobileNetV2 consists of a three-layer module. Given an input tensor 𝑥 ∈ ℝ𝐻×𝑊×𝐶 , 

the block first applies a pointwise convolution to expand the channel dimension by a factor 𝑡  

(commonly 𝑡 = 6), resulting in an intermediate representation in ℝ𝐻×𝑊×𝐶 . This is followed by a depthwise 

convolution that applies a spatial filter to each channel independently as in (3). 

Subsequently, a second pointwise convolution projects the output to the desired output 

dimensionality C′. The full transformation, including ReLU6 activations (except after the last projection), is 

defined as in (4). If the input and output dimensions match and a residual connection is applied. This 

structure efficiently preserves information while facilitating feature reuse and gradient propagation. 
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𝐷𝑊𝐶𝑜𝑛𝑣(𝑥) = 𝑥 ∗ 𝑘𝑑, 𝑘𝑑 ∈ ℝ3×3×1 (3) 
 

𝑦 = 𝑥 + 𝑃𝑊𝐶𝑜𝑛𝑣2 (𝐷𝑊𝐶𝑜𝑛𝑣2 (𝑅𝑒𝐿𝑈6(𝑃𝑊𝐶𝑜𝑛𝑣1(𝑥)))) (4) 

 

The CondMobileNetV2 variant adapts this baseline by replacing specific standard convolutional 

layers with CondConv. Rather than using a fixed kernel, each CondConv layer dynamically computes the 

convolutional kernel as a weighted combination of 𝑛 expert filters. The routing weights 𝛼𝑖(𝑥), modulated by 

the input instance via a compact routing network (global average pooling followed by a fully connected layer 

and sigmoid activation), determines the contribution of each expert. This mechanism enables adaptive feature 

extraction tailored to individual histopathology image variations. 

CondConv layers are incorporated at key locations within MobileNetV2, maintaining architectural 

consistency while enhancing model flexibility. The overall architectural comparison is presented in Figure 2. 

Figure 2(a) presents the baseline MobileNetV2 architecture composed of standard depthwise separable 

convolutions and inverted residual blocks. Figure 2(b) illustrates the proposed CondMobileNetV2, where 

selected convolutional layers and the final classifier are equipped with CondConv modules incorporating 

dynamic routing. By dynamically combining multiple expert kernels through a routing mechanism, the 

architecture adapts feature extraction to the characteristics of each histopathological image while preserving 

the lightweight design of the original network. 
 
 

  
(a) (b) 

 

Figure 2. Structural comparison between (a) original MobileNetV2 and (b) CondMobileNetV2 
 

 

2.2.2. CondDenseNet121  

DenseNet121 [20] receives the feature maps of all preceding layers as input, promoting feature 

reuse, and alleviating the vanishing gradient problem. Mathematically, the input to lth layer is given by 

concatenation 𝑥𝑙 = 𝐻𝑙([𝑥0, 𝑥1, … , 𝑥𝑙−1]), where 𝐻𝑙(. ) is a composite function of batch normalization, 

rectified linear unit (ReLU), and convolution operations. This architecture enables deeper networks with 

fewer parameters, as it avoids redundant feature computation. 

This study adapts DenseNet121 into a dynamic variant—CondDenseNet121—by selectively 

integrating conditional convolutions into the architecture. This enhancement is motivated by the need to 

address the multiscale nature of histopathological images, where morphological features vary significantly 

across magnification levels. Since deeper layers encode more abstract, scale-sensitive semantics, this study 

inserts CondConv layers into early and final blocks to allow the network to dynamically adjust its filters 

based on input characteristics. The architectural comparison between the baseline and proposed models is 

presented in Figure 3. Figure 3(a) presents the baseline DenseNet121 architecture, composed of four densely 

connected blocks linked by transition layers. Figure 3(b) illustrates the proposed CondDenseNet121 

architecture, in which the initial 7 × 7 convolution and the final dense block are replaced with CondConv-

enhanced counterparts, while preserving the dense connectivity and output dimensionality of the original 

architecture. This preserves compatibility and enables direct comparison with the baseline model. The 

resulting hybrid design retains DenseNet's compactness and efficient gradient flow while introducing input-

conditioned flexibility, improving the model's ability to generalize across varied histopathological textures. 
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(a) 

 

 
(b) 

 

Figure 3. Architectural comparison between (a) standard DenseNet121 and (b) CondDenseNet121 

 

 

2.3.  Hypothesis and evaluation protocol  

This study hypothesizes that replacing standard convolutional layers with conditional convolution 

blocks in MobileNetV2 and DenseNet121 leads to statistically significant improvements in classification 

performance across varying magnification levels in histopathological breast cancer images. This study posit 

that such gains arise from the enhanced adaptive capacity of CondConv models when confronted with the 

heterogeneous structures and scales intrinsic to histological patterns. To rigorously validate this hypothesis, 

this study adopts a two-phase evaluation protocol. The first phase involves a quantitative assessment of each 

model’s performance using accuracy, macro-precision, macro-recall, and macro-F1 score, all computed at the 

final epoch. Let 𝑇𝑃𝑖 , 𝐹𝑃𝑖 , 𝐹𝑁𝑖 denote true positives, false positives, and false negatives for class 𝑖, and 𝐶 the 

number of classes. The metrics are given by (5) to (8). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (5) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
1

𝐶
∑

𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑃𝑖

𝐶
𝑖=1  (6) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
1

𝐶
∑

𝑇𝑃𝑖

𝑇𝑃𝑖+𝐹𝑁𝑖

𝐶
𝑖=1  (7) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
1

𝐶
∑

2𝑃𝑖𝑅𝑖

𝑃𝑖+𝑅𝑖

𝐶
𝑖=1  (8) 

 

Here, this study adopted a layered statistical evaluation framework to assess the significance of 

model performance differences across magnification levels. First, the Friedman test [19] is employed to 

detect overall differences among multiple classifiers over epochs. It is a non-parametric alternative to 

repeated-measures analysis of variance (ANOVA) and tests the null hypothesis that all models perform 

equally. The test statistic is given by (9). 

 

𝜒𝐹
2 =

12𝑁

𝑘(𝑘+1)
[∑ 𝑅𝑗

2𝑘
𝑗=1 ] − 3𝑁(𝑘 + 1) (9) 

 

Where 𝑘 is the number of models, 𝑁 is the number of epochs, and 𝑅𝑗 is the sum of ranks of the j-th model. 

If the Friedman test reveals significant differences (i.e., p < α), this study conduct the Nemenyi  

post-hoc test to identify where those differences lie [21]. The critical difference (CD) for a pairwise 

comparison is computed as (10). 

 

𝐶𝐷 = 𝑞𝛼√
𝑘(𝑘+1)

6𝑁
 (10) 

 

Where 𝑞𝛼 is the critical value from the studentized range distribution based on the number of models and the 

chosen significance level 𝛼. To complement the global analysis with targeted comparisons, the Wilcoxon 



Int J Artif Intell  ISSN: 2252-8938  

 

Evaluating conditional convolution for magnification-aware histopathological image … (Wissal El Habti) 

4617 

signed-rank test [22] is applied between each CondConv model and its corresponding baseline. This test 

examines whether the median difference of paired performance measures is zero and is defined as (11). 

 

𝑊 = ∑ 𝑠𝑛
𝑖=1 𝑖𝑔𝑛(𝑑𝑖). 𝑅𝑖 (11) 

 

Where 𝑑𝑖 is the difference between paired observations, 𝑅𝑖 is the rank of the absolute difference, and 𝑛 is the 

number of epochs where 𝑑𝑖 ≠ 0. All statistical tests are executed independently for each magnification level 

with a significance threshold set at α = 0.05, enabling resolution-specific hypothesis validation and 

minimizing type I errors in multi-resolution evaluation. 

 

 

3. RESULTS AND DISCUSSION 

Two experimental settings were considered: the original imbalanced BreakHis dataset and a 

balanced variant generated through class-wise sampling. This setup allows assessment of model behavior 

under both natural and controlled class distributions. All models were trained using identical 

hyperparameters, with a batch size of 32, the Adam optimizer, a fixed learning rate, and binary cross-entropy 

loss. Training was conducted for 50–60 epochs to ensure convergence. For CondConv-based models, the 

number of expert kernels was set to four. All experiments were run on a CUDA-enabled NVIDIA platform. 

 

3.1.  Quantitative evaluation across magnification levels and architectures 

Figure 4 shows the training and validation behavior of all models across magnification levels. Each 

subplot in this figure compares the convergence behavior of baseline models (MobileNetV2 and 

DenseNet121) and their CondConv-enhanced counterparts (CondMobileNetV2 and CondDenseNet121). 

Solid lines represent training performance, while dashed lines correspond to validation exponential moving 

average (EMA) smoothing is applied to highlight convergence trends. Clear differences in generalization 

behavior are observed between baseline architectures and their CondConv variants. 

At 40× magnification as shown in Figure 4(a), CondMobileNetV2 converges smoothly, with closely 

aligned training and validation curves and a final validation accuracy of approximately 91%. MobileNetV2 

exhibits moderate overfitting, while DenseNet121 and CondDenseNet121 show larger train–validation gaps 

and higher variability. These results suggest that CondMobileNetV2 generalizes more consistently at low 

magnification, where coarse structural features dominate. 

At 100× magnification as shown in Figure 4(b), all models show rapid loss reduction during early 

training. Generalization behavior diverges in later epochs. DenseNet121 achieves strong training accuracy 

but plateaus at a validation loss above 0.3, indicating overfitting. CondDenseNet121 shows a similar pattern, 

with validation loss remaining high (≈ 0.4) and a persistent train–validation gap. In contrast, 

CondMobileNetV2 maintains closer curve alignment and converges to a validation accuracy of 

approximately 91% with lower loss (≈ 0.28). 

At 200× magnification as shown in Figure 4(c), both DenseNet121 and CondMobileNetV2 exceed 

92% validation accuracy. CondDenseNet121 continues to exhibit higher validation loss (≈ 0.35). At 400× as 

shown in Figure 4(d), performance differences narrow across models. DenseNet121 and CondMobileNetV2 

achieve the lowest validation losses (≈ 0.22 and ≈ 0.24) and highest accuracies (≈ 94% and ≈ 93%), while 

CondDenseNet121 converges more smoothly but with a higher final loss (≈ 0.30). These results indicate that 

the benefit of conditional parameterization decreases at very high magnification. 

Test-set results are summarized in Figure 5 using macro-averaged metrics computed from confusion 

matrices. At 40× magnification as shown in Figure 5(a), CondMobileNetV2 achieves an accuracy of 0.8978 

and a macro-F1-score of 0.8807, comparable to DenseNet121 (accuracy 0.89, macro-recall 0.87) while 

showing a more balanced precision–recall trade-off. At 100× magnification as shown in Figure 5(b), 

DenseNet121 attains the highest performance (accuracy 0.92, macro-F1 0.91), with CondMobileNetV2 

remaining competitive (accuracy 0.9108, macro-F1 0.8902). At 200× magnification as shown in Figure 5(c), 

CondDenseNet121 achieves the strongest results, reaching an accuracy of 0.9108 and a macro-F1-score of 

0.8902, surpassing its baseline. At 400× magnification as shown in Figure 5(d), performance differences 

narrow across models, with macro-F1-scores around 0.85 and MobileNetV2 slightly outperforming others 

(accuracy 0.90, macro-F1 0.88).  

Under the original imbalanced setting, baseline models—particularly DenseNet121—show notable 

instability. At 100×, validation accuracy fluctuates between 0.70 and 0.88, while at 200×, validation loss 

exceeds 0.60 despite low training loss. In contrast, CondMobileNetV2 exhibits smoother convergence and 

stable macro-F1-scores across magnifications, and CondDenseNet121 shows similar stability at 200×. The 

smaller performance gap between balanced and imbalanced settings for CondConv-based models indicates 

reduced sensitivity to class imbalance. 
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(a) 

 

 
(b) 

 

 
(c) 

 

 
(d) 

 

Figure 4. Training and validation loss and accuracy curves across four magnification levels: (a) 40×,  

(b) 100×, (c) 200×, and (d) 400× 
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(a) (b) 

  

  
(c) (d) 

 

Figure 5. Comparative radar plots of test-set performance metrics across magnification levels:  

(a) 40× magnification, (b) 100× magnification, (c) 200× magnification, and (d) 400× magnification 

 

 

3.2.  Statistical validation  

Statistical significance across models and magnification levels was assessed using non-parametric 

tests. For each magnification, the Friedman test was applied to compare model rankings across training 

epochs under the null hypothesis of equivalent performance. Significant differences were observed at  

40× (𝑝 < 0.0001), 200× (𝑝 = 0.0021), and 400× (𝑝 < 0.0001). No significant difference was detected at  

100× (p = 0.1948), indicating similar model behavior at this scale.  

For magnifications with significant Friedman results, Nemenyi post-hoc tests were conducted. 

Pairwise adjusted p-values are shown as matrix heatmaps in Figure 6. Each heatmap in this figure reports the 

adjusted p-values from the Nemenyi test, comparing all model pairs at 40× as shown in Figure 6(a), 100× as 

shown in Figure 6(b), 200× as shown in Figure 6(c), and 400× as shown in Figure 6(d). Statistically 

significant differences (p < 0.05) are highlighted in darker shades. At 40×, both CondConv-based models 

significantly outperformed their corresponding baselines (p < 0.01). At 200×, CondDenseNet121 achieved 

significantly higher performance than both MobileNetV2 and DenseNet121. At 400×, only 

CondDenseNet121 showed a significant improvement over its baseline (𝑝 = 0.0138), indicating reduced 

benefits of conditional parameterization at very high magnification. 

To complement these global analyses with targeted comparisons, Wilcoxon signed-rank tests were 

applied between each CondConv model and its corresponding baseline (Table 1). CondMobileNetV2 showed 

statistically significant improvements over MobileNetV2 at 40×, 100×, and 200× (𝑝 < 0.001), but not at 

400×. CondDenseNet121 significantly outperformed DenseNet121 across all magnifications, with weaker 

significance at 400×. Overall, these results support the hypothesis that conditional convolution enhances 

model adaptability and generalization, particularly at low-to-intermediate magnifications where structural 

variability is most pronounced. 
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(a) (b) 

  

  
(c) (d) 

 

Figure 6. Nemenyi post-hoc pairwise p-value matrices across magnification levels: (a) 40×, (b) 100×,  

(c) 200×, and (d) 400× 
 

 

Table 1. Wilcoxon signed-rank test results comparing CondConv models to their baselines across 

magnifications 
Magnification Pair W-stat p-value 

40× cond_mobilenetv2 vs mobilenetv2 246.5 < 1e-4 

 cond_densenet121 vs densenet121 251.5 < 1e-4 

100× cond_mobilenetv2 vs mobilenetv2 275.0 0.0004 
 cond_densenet121 vs densenet121 405.0 0.0013 

200× cond_mobilenetv2 vs mobilenetv2 359.0 0.0003 

 cond_densenet121 vs densenet121 95.0 < 1e-4 
400× cond_mobilenetv2 vs mobilenetv2 689.5 0.5472 

 cond_densenet121 vs densenet121 496.5 0.0138 

 
 

3.3.  Discussion  

The findings indicate that kernel adaptivity introduced through CondConv influences model 

behavior in a resolution-dependent manner. Rather than uniformly increasing peak accuracy, CondConv 

improves generalization stability under magnification variability and class imbalance. At low magnification 

(40×), where discriminative cues are dominated by global tissue organization and coarse morphology, 

CondMobileNetV2 exhibits more stable learning dynamics than both baseline architectures and 

CondDenseNet121. This suggests that input-adaptive kernel selection is particularly beneficial when static 

filters struggle to generalize across heterogeneous low-resolution appearances. This behavior complements 

earlier patch-based and fusion approaches that addressed this variability externally [23]. At intermediate 

magnification (100×), where local cellular detail and emerging architectural context jointly inform 
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classification, baseline DenseNet121 shows clear overfitting when trained from scratch. In contrast, 

CondMobileNetV2 demonstrates improved alignment between training and validation behavior, indicating 

better regulation of feature specialization. This behavior contrasts with transfer learning–based DenseNet121 

approaches that report higher peak accuracy at this scale by leveraging pretrained representations [24]. In the 

absence of transfer learning, CondConv contributes primarily to robustness rather than absolute performance 

maximization. At higher magnification (200×), deeper architectures begin to benefit from conditional 

parameterization, as reflected by improved test-set performance in CondDenseNet121. This transition 

suggests that adaptive filtering becomes more effective once sufficient spatial detail is present. At very high 

magnification (400×), performance differences narrow across architectures, indicating diminishing returns for 

kernel adaptivity when discriminative cellular patterns are already explicit and well localized. 

Class imbalance further differentiates model behavior. Baseline architectures exhibit pronounced 

instability under the original BreakHis distribution, consistent with prior studies that relied on data 

augmentation or ensemble strategies to mitigate imbalance [25]–[27]. In contrast, CondConv-based models 

demonstrate reduced sensitivity to class skew through smoother learning dynamics rather than inflated 

accuracy. This indicates that kernel adaptivity provides an intrinsic form of robustness that complements 

data-level interventions. 

Recent attention-based, generative adversarial network (GAN)-driven, and CNN-transformer hybrid 

frameworks have reported strong performance on BreakHis by explicitly modeling long-range dependencies, 

selecting discriminative regions, or fusing multi-scale representations [28]–[31]. While effective, these 

approaches rely on architectural augmentation, ensemble design, or pretraining. In contrast, the present study 

isolates kernel adaptivity as a single architectural mechanism, clarifying its specific contribution to 

robustness under magnification variability without relying on external aggregation or attention modules. 

 

3.4.  Limitations and future works 

This study is limited to a single dataset (BreakHis), which may restrict generalizability across 

institutions and acquisition settings. Another limitation is that the number of CondConv experts was fixed to 

four for all architectures and magnification levels due to computational constraints and was not treated as a 

tunable hyperparameter. Prior work on CondConv indicates that increasing expert capacity, when appropriately 

regularized, can further improve performance, particularly in lightweight architectures [13]. Consequently, the 

present results may underestimate the full potential of kernel adaptivity, especially at higher resolutions  

or in deeper models. Future work may integrate conditional parameterization with attention mechanisms to 

jointly address kernel adaptivity and feature saliency. Incorporating CondConv into attention-based or  

CNN-transformer architectures could enable adaptive feature extraction at the kernel level while 

complementing higher-level modeling of long-range dependencies. In addition, extending the evaluation to 

multiple histopathological cancer types and multi-institutional datasets will be necessary to assess the 

generalizability of conditional parameterization across diverse tissue morphologies and imaging conditions. 

 

 

4. CONCLUSION 

This study investigated the impact of CondConv on histopathological breast cancer image 

classification across multiple magnification levels and under class imbalance. CondConv-enhanced 

MobileNetV2 and DenseNet121 consistently achieved comparable or improved performance relative to their 

static counterparts, with the most pronounced gains at 100× and 200× magnifications. These improvements 

were maintained under imbalanced conditions, suggesting that adaptive kernel parameterization enhances 

robustness to data heterogeneity and class imbalance. Statistical analyses further supported the significance 

of these performance gains in several experimental settings. Although the advantages diminished at  

400× magnification, likely due to representational saturation, the findings overall validate the effectiveness of 

conditional convolution for improving feature adaptability and generalization in computational pathology. 

Nevertheless, this study is limited by the use of a single dataset, two baseline architectures, and a fixed 

number of CondConv experts constrained by computational resources. Future work will investigate 

CondConv within transformer-based and hybrid architectures, evaluate larger numbers of experts, and 

validate the approach on multi-organ, multi-class, and whole-slide image datasets to further assess its 

scalability and clinical applicability. 
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