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A B S T R A C T   

Advances in artificial intelligence have facilitated the automated grading of histopathology slides. Yet, the 
magnification of whole slide scanners (WSS) has restrained the accuracy of patch-based grading. In this work, we 
found that augmentation can significantly promote grading performance under this issue, even when the data 
volume is large (>140 K). With augmentation and a multi-dilation model, the CovXNet, we yielded a Balanced 
Accuracy of 92.13%, which is the current highest for the Breast Histopathology Dataset (40X magnification) also 
the first time both sensitivity and specificity >90%. However, in this focused grading task, augmentation only 
improves models with high invariance (the CovXNet and BCA-CNN). Pre-trained ResNet has lower invariance in 
this task, but fine-tuning can significantly improve both accuracy and invariance. For the CropNet attention 
model, adapting with max pooling but not augmentation offers promotions. Additionally, this work also found 
two types of common errors in high-starred codes, when using random.shuffle for data-label composited array, or 
the integrated shuffle function of ImageDataGenerator, which fake a higher accuracy by masking class 0 as class 
1. Using Sklearn.shuffle instead is safer. All codes are available on our GitHub.   

1. Introduction 

Histopathology grading serves as a gold standard in tumor research 
and clinical diagnosis [2–4]. Established in the last century, the grading 
system translates histopathological data into semi-quantitative assess
ments [5] to standardize treatment, ideally offering reproducibility, 
definability, and interpretability [6]. However, manual grading is 
heavily reliant on the analysts’ experience, resulting in challenges such 
as low user agreement, subjective assessments, inter-pathologist vari
ability [7], and considerable time consumption. Over the past decade, 
rapid advancements in deep learning and Computer-Assisted Diagnosis 
(CAD), coupled with the widespread adoption of Whole Slide Scanners 
(WSS), have spurred efforts to automate histopathology grading, deliv
ering benefits such as increased speed, accuracy, and normalization 
[7–10]. 

CAD-based grading is predominantly achieved through patch-based 
grading algorithms [9,11], where Whole Slide Images (WSI) are 
divided into small “patches” accompanied by metadata (Patient ID, Slide 
ID, location coordinates). Each patch is individually classified before 
being “reconstructed” to the original slides, based on the metadata. 
Subsequently, the area percentage of each class within the reconstructed 

slide is calculated to determine the grading score. The reliability of CAD 
grading results hinges on the classification accuracy of individual 
patches. 

1.1. Motivation 

The WSI’s rate of magnification represents the WSS’s resolution and 
directly decides information density in patches, thereby playing a crit
ical role in determining the classification accuracy of individual patches 
(without specification, “accuracy” in this paper refers to the classifica
tion accuracy of single patches). At low magnification (40×), fewer 
details of individual cells are preserved, resulting in lower accuracy 
compared to higher magnifications [12–15]. Yet, not all histopathology 
laboratories worldwide have access to high-magnification WSSs. More
over, discarding low-magnification (40×) WSIs would waste existing 
data, and higher magnification WSIs could increase computational de
mands [16,17], hindering real-time classification on local endpoints. 
Consequently, we propose a novel classification approach for patch- 
based grading of low-magnification WSIs, utilizing a combination of 
data augmentation and the multi-dilation CovXNet model. Our primary 
goal is to achieve higher and more balanced classification accuracy for 
patches derived from low-magnification WSIs. We focus on the widely 
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researched 40X Breast Histopathology Images (BHI) dataset. Table 1 
presents the accuracy of previous BHI studies and their applied methods. 

As evident in Table 1, current methods have not achieved >90% 
classification accuracy in single patch recognition, with the exception of 
Celik’s study [18]. Furthermore, these studies were unable to simulta
neously attain high (>90%) sensitivity and specificity. The sensitivity 
and specificity largely diverged in most studies, with some demon
strating a delta of >10% [19–22]. Our aim is to advance patch classi
fication to a level where accuracy, sensitivity, and specificity all exceed 
90%, thereby enhancing the patch-based grading of whole slides. 

1.2. Proposed approach 

Although not yet fully satisfactory, the classification of the low- 
magnification BHI has improved since the initial study in 2014 [23]. 
However, most previous research efforts have primarily focused on 
manipulating machine learning models, including multi-level batch 
normalization [25], multiple inputs [20], combined model [14], and 
new models [18,21]. Very few studies have concentrated on data pre
processing, such as oversampling strategies [19]. Therefore, this study 
aims first to enhance the learnability of data through preprocessing, and 
then to employ a specially-designed robust model, the CovXNet, to 
achieve optimal performance. The CovXNet [1] is a model designed for 
COVID-19 X-ray analysis, garnering increased attention for its multi- 
dilation design, which captures features at multiple observation levels. 
This aligns with the nature of histopathology, where information exists 
at various scales, ranging from tissue to sub-cellular structures. 

Data augmentation is a cornerstone technique in machine learning. 
Despite its “age”, new research continues to sprout [26–28], particularly 
in image classification [29,30]. While augmentation has traditionally 
been employed to address insufficient data volume [31–34], recent 
studies suggest that its potential extends beyond this job [35–38]. In
vestigations into the mechanisms of augmentation have revealed that it 
enhances data learnability through multiple aspects, including gener
alization capacity, regression optimization, and feature purification 
[33,39–43]. This work is the first to demonstrate that augmentation 
alone can significantly improve low-magnification histopathology 
grading. After identifying the best-performing model with augmenta
tion, we also explored performance differences resulting from various 
model structures and training methods to elucidate the structural in
fluence on augmentation’s effects. The models evaluated covers a 
traditional CNN model (the Breast Cancer Analyzer CNN (BCA-CNN)) 
[44], location-wise and channel-wise Squeeze-and-Excitation attention 
models (the CropNet [45] and the MS-DenseNet [46]), and pre-trained 
transfer learning models (ResNet 50, ResNet 101, DenseNet 121, and 
DenseNet 169). Each model was selected for its unique structural 
features. 

2. Contribution 

Main contributions of this work are given as follows:  

• This work demonstrates that augmentation can significantly improve 
low-magnification patch-based grading with certain models, 
including the CovXNet and BCA-CNN. The CovXNet model achieved 
a single patch classification accuracy of 92.13%, which is the highest 
among existing literature for the 40X BHI dataset. Additionally, this 
is the first time that both sensitivity and specificity have surpassed 
90%. This study is also the first to employ the multi-dilation CovXNet 
for histopathology.  

• This work elucidated that the improvement a model receives from 
augmentation depends on the model’s structure and invariance. In 
this task, Complex models like ResNet (with ANN top, pre-trained 
top-tuning) demonstrated less invariance and saw a significant 
decline in performance with augmentation. For the tested attention 
model, adaptation with max pooling performed better than 
augmentation.  

• Two types of common errors in shuffling were identified in this work. 
Using random.shuffle on a composite array of data and labels or 
incorporating shuffling in ImageDataGenerator can cause positive 
labels to be masked as negative, resulting in artificially inflated ac
curacy. Using sklearn.shuffle to co-shuffle data and labels in two 
separate arrays is proven to be a safer approach. 

3. Material and methods 

To overcome the constraint of classification accuracy in low- 

Nomenclature 

Acronyms Definitions 
ANN Artificial Neural Network 
AUC Area Under Receiver Operating Characteristic Curve 
BHI The Breast Histopathology Images dataset 
CAD Computer-Assisted Diagnosis 
CNN Convolutional Neural Network 
COVID Coronavirus Disease 
GAN Generative Adversarial Network 
ID Identity 
IDC Invasive Ductal Carcinoma 
MS-DenseNet Mobile Sequenze-Excitation DenseNet 
NaN Not a Number value 
PPI Pixels Per Inch 
RAM Random-Access Memory 
ROC Receiver Operating Characteristic Curve 
SE Squeeze-and-Excitation 
WSI Whole Slide Image 
WSS Whole Slide Scanner  

Table 1 
Comparison of previous attempted methods for identification among the BHI 
dataset.  

Study Year Method Sensitivity Specificity Testing 
Balanced 
Accuracy 
(BAC) 

Cruz-Roa 
et al. [23] 

2014 3-layer CNN – –  84.23% 

Reza et al.  
[19] 

2018 CNN +
oversampling 

80.85% 90.12%  85.48% 

Romano 
et al. [24] 

2019 InceptionNet 84% 86%  85.41% 

Romero et al. 
[25] 

2019 InceptionNet +
multi-level 
batch 
normalization 

90% 87%  89.00% 

Alghodhaifi 
et al. [21] 

2019 IDCNet 93.44% 71.14%  87.13% 

Johnson  
[22] 

2020 Conditional 
GANs 

72.41% 94.66%  83.54% 

Celik et al.  
[18] 

2020 DenseNet161 89.59% 93.56%  91.57% 

R. Singh 
et al. [20]  

2021 VGG19 
multiple input 

93.31% 82.75%  88.03% 

S. Singh et al. 
[14]  

2022 ResNet +
InceptionNet 

82.01% 88.41%  85.21% 

The 
proposed 
Method 

2023 CovXNet þ
augmentation 

91.68% 92.58%  92.13%  
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magnification WSI grading, augmentation and other regulation methods 
were explored in several typical models, including the multi-dilation 
CovXNet, the Breast Cancer Analyzer CNN (BCA-CNN) [44], attention 
models (the CropNet [45] and MS-DenseNet [46]), and pre-trained 
transfer-learning models (ResNet 50, ResNet 101, DenseNet 121, and 
DenseNet 169). Each model was selected for its unique structural design. 

3.1. Dataset 

The Breast Histopathology Images (BHI) dataset was exploited in this 
study. Breast Cancer is one of the most fatal malignancies and the most 
common cancer in females [47,48]. In the BHI dataset, slides are labeled 
with invasive ductal carcinoma (IDC), which directly reflects metastasis. 
Due to these factors, the BHI dataset is widely used in CAD grading 
research [14,18–25,49]. 

The BHI dataset contains 277,524 patches of 50x50 size, including 
78,786 IDC positive (+, or class 1) and 198,738 IDC negative (-, or class 
0). These patches were extracted from 162 WSIs using a 40X WSS. Each 
patch’s filename contains metadata for reconstructing. For example, the 
filename “12749_idx5_x2051_y851_class1.png” refers to the patient/ 
slide ID (12749_idx5), the coordinates on its original slide (x2051 and 
y851), and the class (class 1, i.e., IDC+ ). Notably, the BHI dataset was 
contributed by the Hospital of the University of Pennsylvania and the 
Cancer Institute of New Jersey [23,49]. 

To normalize the comparison among the models, 78,786 patches per 
class were employed for each model, with 70% allocated for training, 
21% for testing, and 9% for validation. 

3.2. Augmentation and max sharpening 

The data augmentation was performed within the following ranges: 
width range 10%, height range 10%, zoom range 10%, and rotation 
range 20 degrees. Additionally, to normalize the patches, they were 
rescaled to a value of 1.0/255. It is important to note that no color 
augmentation was applied, as color is a crucial feature in 

histopathological classification. To evaluate the effect of augmentation, 
the augmented data was integrated back into the raw data (referred to as 
raw + aug) for the CNN models. Due to computational resource limi
tations, 40,000 images per class were used in the raw + aug session. For 
the attention models (CropNet and MS-DenseNet), replacing the average 
pooling with max pooling for extra sharpening was also employed. 

3.3. The multi-dilation CovXNet model 

The CovXNet is a new CNN-based model proposed by Mahmud in 
2020 [1]. This model was designed for diagnosing COVID-19 using chest 
X-ray images and achieved 99% accuracy. Given the scarcity of COVID- 
19 X-ray training data at the time, the CovXNet could be pre-trained 
with a large number of similar images (chest X-Ray images of normal/ 
viral/bacterial pneumonia). Fig. 1 illustrates the work scheme of Cov
XNet with augmentation. 

The CovXNet characterizes a special feature extraction network, 
consisting of 2 basic units: the residual unit and the shifter unit (see 
Fig. 2). Both units are composed of depthwise convolution layers with 
ascending dilation rates in parallel. The most notable advantage of this 
design is the incorporation of features from multiple observation levels, 
ranging from very localized to the whole image [50–52], as the receptive 
field expands with an increasing dilation rate [53]. This advantage is 
particularly versatile in low-magnification grading, where features are 
dispersed. The units’ output is squeezed through a strided depthwise 
convolution for 1/2 dimensions, which preserves more spatial infor
mation than using ordinary pooling [54]. 

Compared to the shifter unit, the residual unit includes a residual 
connection, which allows the unit’s input feature map to access the 
output. The residual connection mitigates overfitting and gradient 
vanishing, and facilitates deeper spatial reduction [55]. 

3.4. The Breast Cancer Analyzer CNN (BCA-CNN) model 

Marsh proposed a simple CNN model giving a surprisingly good 

Fig. 1. Proposed scheme using augmentation with the CovXNet Model. The model’s structure was adapted from [1] with permission. Models’ schematics in this 
paper were drawn using the ML Visual tools [35]. The details of the dilation units are shown in Fig. 2. The Scheme is just showing the training. For testing and 
applying the model, no augmentation is needed. 
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Fig. 2. Dilating Convolution Unit in CovXNet, f for the number of filters and c for the number of channels, m is set as 5. (a) shifter unit; (b) residual unit. Adapted 
from [1] with permission. 

Fig. 3. Proposed scheme using augmentation with the BCA-CNN Model.  
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performance among the BHI dataset [44], with 87.99% accuracy, 
91.03% sensitivity, and 84.96% specificity. The convolution network 
was constructed as 32 × 32 × 32 × 64 × 64 × 64 × 128 × 128 x 128. A 
max pooling layer tailed each triple convolution as dimension reduction, 
providing better sharpening than average pooling. Fig. 3 displays the 
scheme of the BCA-CNN. 

3.5. The attention models (the CropNet & MS-DenseNet) 

Chen J. & Zhang, D. [45] developed an attention model with high 
performance in colorful image classification of crop diseases, known as 
the CropNet. This location-wise soft-attention model achieved 99.71% 
accuracy on the PlantVillage dataset, a popular dataset of crop diseases. 
The model features a soft-attention module on top of the base layers of 
MobileNetV2, providing an ultra-compact size for using on mobile 
endpoints. The soft-attention module consists of a convolution trunk and 
a mask branch, which is composed of two up-sampling and two down- 
sampling layers to derive the attention map. 

In a subsequent study, Chen, J. & Zhang, D. [46] developed a new 
lightweight attention model, namely Mobile Sequenze-Excitation Den
seNet (MS-DenseNet). The model is adapted from DenseNet to copy its 
outstanding feature extraction capacity. Traditional convolutions were 
replaced with depthwise separable convolutions, reducing DenseNet’s 
heavy computation to 1/9. A Squeeze-and-Excitation module (SE mod
ule) was added to each dense block for channel-wise recalibration. 

3.6. Compared with typical transfer learning models 

ResNet 50, ResNet 101, DenseNet 121, and DenseNet 169 were also 
employed for the BHI dataset. Proposed by Kaiming He in 2015 [55], 
ResNet was the first to introduce the residual connection, significantly 
accelerating learning with identity mapping and eliminating the 
gradient vanishing issue. ResNet consists of triple convolution blocks, 
and each block is enveloped with a residual connection. In 2015, ResNet 
won the ILSVRC championship. Additionally, Celik et al. reported 
achieving 90.96% accuracy on the BHI dataset using ResNet 50, and 
91.57% using DenseNet 161 [18]. 

The DenseNet also features suppression of gradient vanishing. 
Instead of a residual connection of each block, DenseNet has inter-block 
connections. In DenseNet [56], each block’s input is concatenated to all 
previous blocks, through a special bottle-neck layer. However, DenseNet 
reuses features for multiple times, massively increasing computation 
and video memory requirements. 

In this work, to compare the pre-trained models, ResNet and Den
seNet were imported without top layers and re-topped with a 4096 x 512 
x 128 x 2 ANN classifier with sigmoid activation. To compare with 
Celik’s study [18], ResNet 50 was also imported with the original top 
classifier and trained with top-tuning (only the top layers), as Celik et al. 
described. 

3.7. Synthetic image augmentation generated by Generative Adversarial 
network (GAN) 

To further study how augmentation affects the models’ performance, 
we also generated synthetic patches from the raw using the Generative 
Adversarial Network (GAN) and trained the classification models. 
Invented by Goodfellow, L in 2014 [57], the GAN was soon widely 
accepted as a milestone and the technique of choice for image genera
tion. The GAN consists of two contest neural networks: the generator, 
which attempts to synthesize images to deceive the discriminator; and 
the discriminator, which tries to distinguish synthetic images from the 
raw data. Both networks are trained simultaneously in a zero-sum game 
setting (the loss of the generator is defined by the gain of the discrimi
nator) until reaching a Nash equilibrium [58–60]. The GAN has proved 
to have strong generative capacity and is widely employed for genera
tive data augmentation [61,62]. 

The GAN network employed was adapted from the gold prize model 
in the 2019 Generative Dog Images competition [63]. The feature map 
of the generator was set as 10x10 and then upsampled to 50 x 50, while 
the channel evolved through 32-128-64-32-3, providing a 50 x 50 x 3 
output as the synthetic patch. The discriminator was also reshaped 
accordingly, resulting in 225,007,502 parameters (225,007,500 
trainable). 

4. Experimental results 

Different measurements (including the confusion matrix, F1 score, 
Cohen Kappa score (Kappa), and the Area under ROC Curve (AUC)) were 
employed for evaluations. F1 compares the models, Kappa examines the 
inter-rater reliability, and AUC assesses the resolution of models. In the 
context of histopathology grading, the significance of precision and 
sensitivity is not equal, so the confusion matrix can reflect the balance of 
identification more directly than F1 [64,65]. Kappa in two-class iden
tification is specified as 2x (TPxTN-FNxFP)/[(TP + FP) × (FP + TN) +
(TP + FN) × (FN + TN)], which equals the Heidke skill score (TP: true 
positives; FP: false positives; TN: true negatives; FN: false negatives) 
[66]. Noticeably, as testing data was balanced, the Test Accuracy is 
naturally equal to the Balanced Accuracy (BAC). 

4.1. Augmented patches trained performance 

In the first experimental session, all the employed models were 
respectively trained with raw and augmented patches. The epoch history 
of accuracy was plotted to monitor the overfitting (brief in Table 2 and 
Table 3′s Best Epoch). In raw data training, the train accuracies quickly 
rose to 90%, while the validation accuracy reached a ceiling of around 
86% at an early Best Epoch. This overfitting trend was suppressed with 
augmentation (namely Aug 1st train). The validation accuracy climbed 
slower (later best epoch), and the difference between training and 
validation or testing accuracy was <1%. 

The suppression of overfitting with augmentation implied an 
improvement in continued training. Thus, we trained both models three 
times more epochs (namely Aug 2nd, 3rd, and 4th train), until validation 
accuracy stopped increasing. The BAC kept increasing and reached 
89.56% and 88.48% (CovXNet and BCA-CNN, see Table 2, Table 3 and 
Fig. 8), while the sensitivity and specificity first converged then diverged 
(see Fig. 5 and Fig. 6). The F1 and Kappa also kept increasing, while the 
AUC reached a ceiling at ~ 95%. Furthermore, we trained the CovXNet 
with 120,000 patches per class (oversampled), providing an accuracy of 
92.13% (consistent testing), with the sensitivity and specificity both 
>90% (see Fig. 4 and Table 2). The training history is shown in Fig. 7. 
With 78,786 samples, the accuracies reached a ceiling at 90th epoch, 
together with a sign of overfitting (early best epoch in Table 2). With 
120,000 samples, the accuracies climbed higher, and loss dived lower, 
but the validation loss also fluctuated a bit more. However, increased 
data volume demoted BCA-CNN’s performance. 

4.2. Max sharpening with attention model 

Without augmentation, both attention models achieved a BAC of 
around 85% (see Table 4 and Table 5), which is a decent performance 
compared to the literature (see Table 1). In contrast to the CovXNet and 
BCA-CNN, the augmentation impaired the performances of the CropNet 
and MS-DenseNet. With augmentation, the MS-DenseNet’s performance 
decline was quite small (<0.5% in BAC, F1, KAPPA, and AUC, see 
Table 5) while CropNet’s performance dropped by >2% in multiple 
scores. This indicates that the channel-wise MS-DenseNet is more 
invariant than the location-wise CropNet. Still, augmentation led to a 
divergence in sensitivity and specificity with MS-DenseNet. It is not 
surprising that in attention models, augmentation can interrupt the 
concentrating of attention maps. 

For extra sharpening in the CropNet, we used max pooling to 
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Table 2 
Performance scores of CovXNet, with and without Augmentation (Aug).   

Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Pre-cision Specifi-city Sensi-tivity AUC 

No Aug 15  90.94%  86.74%  86.73%  73.47%  86.75%  85.62%  87.85%  93.96% 
Aug 1st train 25  89.41%  88.06%  88.06%  76.12%  88.12%  86.04%  90.08%  94.92% 
Aug 2nd rain 17  90.63%  88.62%  88.62%  77.23%  88.62%  89.00%  88.23%  95.32% 
Aug 3rd train 2  90.63%  89.24%  89.22%  78.47%  89.43%  85.75%  92.72%  95.83% 
Aug 4th train 4  90.72%  89.56%  89.55%  79.12%  89.71%  86.49%  92.63%  95.92% 
120,000 data Aug 18  92.36%  92.13%  92.13%  84.27%  92.14%  91.68%  92.58%  97.47%  

Table 3 
Performance scores of BCA-CNN, with and without Augmentation (Aug).   

Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Pre-cision Specifi-city Sensi-tivity AUC 

No Aug 38  89.45%  86.67%  86.67%  73.34%  86.70%  85.19%  88.15%  93.81% 
Aug 1st train 46  88.04%  87.45%  87.42%  74.90%  87.86%  82.23%  92.67%  94.66% 
Aug 2nd rain 43  89.18%  88.20%  88.19%  76.40%  88.28%  85.83%  90.57%  95.04% 
Aug 3rd train 38  89.90%  88.23%  88.23%  76.46%  88.26%  86.87%  89.59%  95.02% 
Aug 4th train 36  90.48%  88.48%  88.47%  76.96%  88.57%  86.11%  90.85%  94.92%  

Fig. 8. Testing performance of the BCA-CNN trained with augmentation: a) Confusion Matrix, b) ROC curve.  

Fig. 4. Testing performance of the CovXNet trained with augmentation and oversampling 120,000 patches per class: a) Confusion Matrix, b) ROC curve.  
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substitute the average pooling, which improved performance with and 
without augmentation (see Table 4), in BAC, F1, KAPPA and AUC. The 
specificity and sensitivity were also more balanced with max pooling. 

Interestingly, the improvement in performance with max pooling is 
larger when used with augmentation (0.6% in BAC) than without 
augmentation (0.2% in BAC). This indicates that max pooling can help 
attention models concentrate a bit more, especially under the variance 
induced by augmentation. 

Additionally, the CropNet and MS-DenseNet were extremely sensi
tive to hyperparameters. With initial settings, the MS-DenseNet’s accu
racy remained at 50% and yielded NaN loss during training. The 
categorical output matrix also consisted of NaN, which is abnormal. The 
issue was resolved through the following adjustments: 1. Changing the 
learning rate of SGD from 0.01 to 0.00001; 2. Adding early stopping 
(patience = 20) to the callback. However, the accuracy-epoch plot 
revealed that the validation accuracy still exhibited considerable fluc
tuations (see Github). The CropNet performed better with initial 
hyperparameters, providing numerical loss but still maintaining an ac
curacy of ~50%. After changing the learning rate of Adam to 0.00001 
and adding a clipnorm of 1, the BAC increased to ~85%. Following these 
adjustments, the CropNet’s validation accuracy fluctuated less along 
epochs than that of the MS-DenseNet. 

Another intriguing phenomenon was that, despite the CropNet and 
MS-DenseNet’s accuracy elevating to ~85%, the AUC calculated by the 
standard AUC function was ~50%, which is contradictory. The reason 
behind this was later discovered to be that the attention models did not 
capture the mutual exclusivity between the two classes. Specifically, the 
CropNet and MS-DenseNet’s categorical output vector contained many 
rows with sums ∕= 1, e.g., [0.31, 0.34]. 

As is well-known, the categorical output vector represents the 
probabilities of each outcome class (each row corresponds to the pre
diction of a sample, and each column represents the prediction proba
bility of each class). A row like [0.31, 0.34] is output as class 1 through 
numpy.argmax. However, in sklearn.metrics.roc_curve & auc’s evalua
tion, the 0.34 would be considered as a bias towards class 0. We 
addressed this issue by normalizing each row’s sum to 1 using the 

Fig. 5. Performance of CovXNet along training, 30 epochs each train.  

Fig. 6. Performance of BCA-CNN along training, 50 epochs each train.  

Fig. 7. Training history of CovXNet with augmentation, (a) 78,786 patches per class; (b) 120,000 patches per class.  

Table 4 
Performance of the Cropnet, regulated by augmentation and/or modified with max pooling.  

Training Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Precision Specificity Sensitivity AUC 

Raw 20  87.45%  85.61%  85.60%  71.21%  85.64%  84.08%  87.13%  92.64% 
Raw + Max 22  87.63%  85.88%  85.88%  71.77%  85.59%  85.12%  86.65%  92.81% 
Aug 21  85.52%  83.22%  83.21%  66.45%  83.30%  80.79%  85.66%  90.87% 
Aug + Max 30  84.90%  83.85%  83.84%  67.69%  83.88%  82.41%  85.28%  91.07%  
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Partition Ratio Theorem. After normalization, [0.31, 0.34] would be 
interpreted as [47.7%, 52.3%]. In ROC evaluation, this row (“[47.7%, 
52.3%]”) would be regarded as a “weak” judgment of class 1 instead of a 
“wrong” bias towards class 0. Therefore, the ROC evaluation after 
normalization is more reliable. 

4.3. GAN-generated patches trained model’s performance 

The GAN-generated patches are shown in Fig. 9. In human eyes, the 
GAN-generated patches contained the same patterns as the raw. Both the 
raw and GAN-generated IDC + patches presented tubular structures 
formed by malignant cells (see the yellow circles in Fig. 9), which is the 
signature of IDC [67,68]. The IDC is usually referred to as IDC-non 
specific type [69], as the IDC tumor tissue has no unified characteris
tics, but 3 commonalities in morphology: the tubular malignant cluster, 
pleomorphic cell nucleus, and high mitosis count. However, the tubular 
malignant cluster is the most obvious at the 40X magnification. Also, 
both raw and GAN-generated IDC- patches often contained large adipose 
cells (see the green circles in Fig. 9), which are usually narrowed and 
lessened by the invasion of malignant cells and fibroblasts in the IDC +
area [70]. 

With the GAN-generated patches, the training accuracy rose to 
~99% within 10 epochs, while the validation accuracy remained at 
~50% (see Fig. 11). Looking into the confusion matrix (see Fig. 10), the 
GAN-trained models classified most patches either to class 0, or to class 
1. This shows that the GAN-trained models failed to draw the threshold 
between the 2 classes. 

4.4. IDC prediction maps 

To evaluate how promotions in single-patch identification affect the 
whole slide grading, the patches after identification were reconstructed 
to whole slides as Merii described in [71]. With higher single-patch 
identification accuracy, the CovXNet and BCA-CNN with augmenta
tion presented an improvement in reconstructed maps, especially with 
fewer green marks (false positive) (see Fig. 12). However, as training 

continued, the performance was not 100% synchronous with increasing 
accuracy. The second train of the CovXNet and the third train of BCA- 
CNN had better reconstructed maps, even though the 4th train of both 
models gave the highest single patch accuracy. 

Additionally, the improvement in reconstructed maps was not 
monotonic. As shown in the magnified area & arrow in Fig. 12, patches 
previously classified correctly may be misidentified while the overall 
performance was improved (Green: false-positive; Red: false-negative). 
Thirdly, false positives were more of a problem than false negatives, 
as the true positive area was much lower than the true negative area. 

The reconstructed maps of CropNet, MS-DenseNet, ResNet, and 
DenseNet are in Supplementary Figs. 1 and 2. The reconstructed map of 
92.13% CovXNet is in Supplementary Fig. 3. 

4.5. Augmented + raw images trained performance 

To investigate the mechanism of augmentation, augmented patches 
were mixed with raw ones, and were used to train CovXNet and BCA- 
CNN models (performances are shown in Table 6 and Table 7). Both 

Table 5 
Performance scores of the MS-DenseNet, regulated by augmentation.  

Training Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Precision Specificity Sensitivity AUC 

Raw 29  84.77%  84.67%  84.67%  69.60%  84.67%  84.54%  85.79%  92.46% 
Aug 20  83.12%  84.62%  84.61%  69.18%  84.70%  82.19%  87.04%  92.11%  

Fig. 9. Raw and GAN generated patches of BHI, the green circles highlight the adipose cells and the yellow circles highlight the tubular structure formed by ma
lignant cells. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 10. Testing confusion matrix of CovXNet trained by GAN- 
generated patches. 
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BAC and other scores (such as F1, KAPPA, and AUC, etc.) decreased in 
raw + aug training, compared to solely augmented training. This again 
verified that increasing data volume is not the mechanism of augmen
tation [39]. 

4.6. Transfer learning 

To investigate the effectiveness of augmentation for common CNN- 
type pre-trained models, we employed DenseNet 169 & 121 and 
ResNet 50 & 101 models. Both ResNet and DenseNet were previously 
explored by Celik in the BHI dataset [18]. Interestingly, both DenseNets’ 
and ResNets’ performance dropped after augmentation, as shown in 

Fig. 11. Training history of GAN-generated patches with trained CovXNet, validated by the raw data.  

Fig. 12. Reconstructed maps of patches classified by ConVXNet and BCA-CNN. Each colored block is a single patch. The blue line links a magnification to the arrow 
area. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Table 6 
CovXNet Performance with Combined Training.  

Training Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Precision Specificity Sensitivity AUC 

Raw 11  88.43%  87.36%  87.35%  74.72%  87.42%  85.28%  89.44%  94.33% 
Aug 18  87.96%  87.92%  87.92%  75.85%  87.92%  87.87%  87.98%  94.74% 
Aug + Raw 15  88.45%  86.88%  86.87%  73.75%  86.91%  85.30%  88.45%  94.10%  
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Table 8. The drop in DenseNets was small (~1% in BAC, precision, F1, 
and KAPPA) and larger (7%~8%) in ResNets. 

Secondly, with augmentation, the ResNets’ specificity dropped to 
~50% (KAPPA dropped to ~30%), indicating an ineffective learning of 
class 0′s pattern. Furthermore, the augmentation gave rise to larger 
divergence of training–testing accuracy in ResNets. The best epoch also 
occurred earlier, indicating signs of overfitting. Additionally, without 
augmentation, ResNet 50 outperformed ResNet 101 by 4–8% in terms of 
BAC, F1, KAPPA, and AUC. After augmentation, the drop in scores were 
smaller in ResNet 50 than in ResNet 101. 

Contradictorily, in DenseNets the augmentation converged the 
training and testing accuracy, and delayed the best epoch, indicating 
overfitting suppression. However, the accuracy and other performance 
still slightly dropped. Both phenomena elucidate that augmentation is 
not always suppressing overfitting, and the suppression of overfitting is 
not 100% lead to performance promotion. 

Using Celik’s method [18], the ResNet 50 was imported with the 
original top layers and top-tuned (training only the top layers), resulting 
in an accuracy of 79.86% (see Table 9 for detailed results). However, 
with the original top, fine-tuning (training the whole model), and 
augmentation, ResNet 50 reached a BAC of 87.84%. The reason for not 
reaching the reported 90.96% accuracy [18] may be attributed to dif
ferences in unrevealed hypermeter settings. Interestingly, with the 
original top, ResNet 50′s performance was improved by augmentation, 
more in fine-tuning (3~5% in BAC, F1 and KAPPA) and less (0.3~0.5%) 
in top-tuning. 

4.7. Two types of common bugs mis-using shuffle function 

A noticeable issue is that some of the notebooks for the BHI dataset 
on Kaggle [72–74] reached an overall accuracy >90%, while presenting 
a highly imbalanced confusion matrix. The number of class 0 samples 
was much higher than class 1 (class zero: class one >3:1). Additionally, 
the sensitivity was just <75% while the specificity was >90%. Such a 

class 0-class 1 ratio is very unlikely given by random sampling. By 
adding a testing module to map the class distribution between each step, 
this issue was found attributed to using random.shuffle over data-label 
composited arrays. 5000 patches per class were inputted, and after 
shuffling the testing output turned to 8497 class 0 and 1503 class 1 (see 
the GitHub repository under mask label error folder). Further mining 
showed that the first 5000 labels in the array were all masked as class 0. 

This shed light on the reliability of other shuffling functions. We 
investigated another more commonly used integrated shuffling in the 
ImageDataGenerator function. 700 patches per class were inputted into 
the ImageDataGenerator with integrated shuffling activated. After pro
cessing by the generator, the output consisted of 703 class 0 and 697 
class 1 samples (see the GitHub repository under the mask label error 
folder). The distortion from ImageDataGenerator’s shuffling was much 
smaller. Subsequently, this work verified that using sklearn.shuffle, 
which can co-shuffle the data and labels in two individual arrays, was 
the safest method. 

5. Discussion 

In the literature, it has been established that single patch classifica
tion and the corresponding histopathology grading can be hindered by 
the 40X magnification [14]. Previous studies have explored various deep 
learning strategies to enhance identification among the 40X BHI (see 
Table 1). In this study, with augmentation and the CovXNet model, the 
BAC was promoted to 92.13%, which is currently the highest. In pre
vious publications, only Romero’s [25] and Celik’s [18] methods ac
quired BAC >89% [18,25]. Furthermore, this proposed method pushed 
the specificity and sensitivity beyond 90% simultaneously for the first 
time. The augmentation strategy also significantly improved other 
models for this task, such as the BCA-CNN and ResNet 50 (original top, 
fine-tuning). 

The promotion of single-patch identification was consistent in 
whole-slide mapping, as demonstrated in Fig. 12. The statistics behind 

Table 7 
BCA-CNN Performance with Combined Training.  

Training Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Precision Specificity Sensitivity AUC 

Raw 20  86.29%  85.55%  85.54%  71.10%  85.57%  84.18%  86.92%  92.91% 
Aug 49  87.55%  86.10%  86.08%  72.19%  86.21%  83.27%  88.92%  93.51% 
Aug + Raw 16  87.51%  85.86%  85.86%  71.73%  85.87%  85.29%  86.44%  93.09%  

Table 8 
Performance of Transferred Learning models (ResNet and DenseNet) with the same ANN Top and trained in top-tuning.   

Train 
-ing 

Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Pre-cision Specifi-city Sensi-tivity AUC 

DsNet 121 raw 6  84.45%  82.51%  82.50%  65.01%  82.51%  81.80%  83.22%  90.29% 
aug 21  82.10%  81.78%  81.78%  63.55%  81.78%  81.89%  81.67%  82.95% 

DsNet 169 raw 5  84.00%  82.48%  82.49%  64.97%  82.52%  84.09%  80.89%  89.48% 
aug 15  81.89%  81.61%  81.61%  63.23%  81.64%  83.03%  80.19%  89.18% 

RsNet 101 raw 14  73.63%  73.85%  73.71%  47.71%  74.36%  81.09%  66.61%  78.50% 
aug 13  72.58%  65.54%  63.95%  31.09%  68.87%  44.53%  86.55%  71.82% 

RsNet 50 raw 14  78.46%  77.85%  77.85%  55.69%  77.85%  77.86%  77.83%  84.06% 
aug 13  73.72%  69.78%  69.19%  39.56%  71.45%  55.86%  83.71%  79.59%  

Table 9 
ResNet50 with original top layers’ performance, either Fine-tuning (training all the layers), or top-tuning (training only the top layers). With (50, 50, 3) input 
(dimension of single patch), the original top classifier network is 2048x2.   

Training Best 
Epoch 

Training Accuracy Testing BAC F1 KAPPA Preci-sion Specifi-city Sensiti-vity AUC 

Fine-Tune raw 10  89.12%  84.82%  84.81%  69.64%  84.91%  82.25%  87.39%  91.98% 
aug 49  88.28%  87.84%  87.84%  75.69%  84.85%  87.73%  87.96%  94.75% 

Top-tune raw 43  79.63%  79.86%  79.86%  59.73%  79.90%  81.48%  78.25%  86.60% 
aug 50  79.55%  80.10%  80.08%  60.20%  80.19%  82.91%  77.29%  86.77%  
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reconstructing can be modeled as a binomial distribution, considering 
each single-patch identification as one Bernoulli test. Consequently, the 
improvement in single-patch identification is linearly synchronous with 
the enhancement in whole-slide mapping. However, as highlighted in 
section 3.4, specificity is more critical than sensitivity in tumor grading. 

Among the models tested in this work, the CovXNet provided the 
highest performance, with a specially designed structure for image 
classification. As described in section 2.3, CovXNet has multi-dilation 
filter groups in the shifter and residual units to extract features from 
different observation levels. The residual unit is also enveloped with a 
residual connection to suppress gradient vanishing [55], which was first 
introduced in the ResNet. However, Researchers have established that 
residual connections also limit feature representing capacity [75–77] 
and thus classification accuracy, despite suppressing gradient vanishing. 
Yet CovXNet shows no sign of this issue with its elaborate structure. 
Reasoning in details, the residual connection is identical and linear, 
leading to a domain collapsing issue in feature presentation, thus 
reducing the learning capacity [78]. Yet, in the residual unit of CovXNet, 
multiple filter groups provide extra de-coupling, which is also the idea of 
ResXNet [79]. Compared to ResXNet, CovXNet’s filter groups have 
different dilation rates, offering even more decoupling. Additionally, the 
shifter unit intermediate possesses no residual connection, breaking the 
continuity to directly transfer very bottom features to the top classifier. 

Different models have different feature presentation and invariance 
provided by the model structure. Commonly elucidated, data augmen
tation increases data diversity, hence capable to encourage the model to 
learn more about the underlying patterns, instead of simply memorizing 
the data (i.e. increasing the generalization capacity) [80–82]. However, 
models with low invariance can be demoted by augmentation. Among 
the transfer learning models, the DenseNets performed much better than 
ResNets in multiple aspects, including classification capacity, invari
ance, and overfitting suppression. Since the ANN top classifier is the 
same and both models were pre-trained with ImageNet [55,56], the only 
difference is the feature presentation network. Even before augmenta
tion, DenseNets significantly outperformed ResNets, indicating that 
DenseNet’s feature representation is better suited for this task. As pre
viously discussed, ResNet has a domain collapsing issue given by linear 
residual connections. ResXNet and CovXNet solve this problem with 
multiple filter groups. DenseNet, on the other hand, employs another 
approach. Instead of a direct residual connection, each block is jumped 
with a bottle-neck concatenation, and linked to all previous blocks, thus 
suppressing the gradient vanishing and domain collapsing simulta
neously, leading to both better feature presentation and higher param
eter efficiency [56]. After augmentation, ResNets’ (ANN top) specificity 
dropped to ~50% (drop >20%) (see Table 8), meaning for class 0 the 
model hardly learns any patterns applicable to unknown data. The 
variance induced by augmentation and after ResNets’ feature presen
tation overwhelms the classifier, rather than prompting the model to 
overcome the variance and achieve higher generalization. DenseNet did 
not exhibit such specificity stall, and overfitting was suppressed after 
augmentation, demonstrating that DenseNet has higher invariance and 
increased generalization with augmentation. However, the ~1% drop in 
classification scores also reflects that augmentation also complicates 
underlying patterns and toughens the learning [83]. This is further 
confirmed by the drop in training accuracy. 

Compared to standard image recognition (eg. “cat vs dog”), this 
grading task also shows a specialty in ResNet’s feature presentation 
issue. Compared to top-tuning, fine-tuning significantly improved the 
performance as well as the invariance (in fine-tuning there was a large 
improvement after augmentation) (see Table 9). In fine-tuning, feature 
extraction weights are re-adjusted. This aligns with the specificity of 
histopathology, where information is held at multiple levels, from tissue 
to sub-cellular structures, which differs from normal images in Image
Net. The top classifier is also vital to this task. Both in top-tuning, the 
original top (2048 × 2) performed better than the refitted ANN top 
(4096 × 512 × 128 × 2), and manifested a higher invariance under 

augmentation. This reflects that networks with higher complexity are 
prone more to overfitting, while simpler models reduce the chance to fit 
noise [84,85]. Moreover, BCA-CNN’s performance was better than 
ResNet’s. Both networks consist of triple convolution blocks, yet BCA- 
CNN only has 3 blocks (ResNet 50 has 4) and no residual connection. 

The GAN-generated data training resulted in unusable outcomes. The 
GAN-trained model failed to delineate the correct boundary between the 
two classes, suggesting that the GAN-generated data only exposed the 
most “learnable” features from the raw data and oversimplified the 
classification. Literature has elucidated that through GANs, raw features 
are lost and preserved in a black-boxed manner [86], requiring a large 
volume of data. However, when information concentration is low (as in 
low-magnification grading), even with a large data volume, critical 
features are still at risk of being lost as they are more dispersed. In 
contrast, shift-based augmentation does not discard the information. 

Both location-wise and Squeeze-and-Excitation attention models 
gave ~85% BAC, which is moderate compared to the literature. The 
non-exclusive output categorical matrix indicates that the attention 
model is harder to “learn” the relation between classes. With augmen
tation, the SE-type MS-DenseNet enjoys higher invariance than the 
location-wise CropNet. With CropNet, despite the demotion of perfor
mance under augmentation, adapting with max pooling offers an 
improvement in scores (BAC, F1, Kappa, and AUC) and also a more 
balanced sensitivity and specificity. Furthermore, max pooling can 
rescue some of the performance demotion under augmentation. 
Considering augmentation as a perturbance, max pooling can assist the 
concentration of the attention model. 

6. Conclusion 

This work elucidated that augmentation could enhance classification 
and patch-based grading of low-magnification histopathology when 
using models with high invariance, such as the CovXNet, BCA-CNN, and 
fine-tuned ResNet 50. By incorporating augmentation, the multi-dilation 
CovXNet achieved a classification accuracy of 92.13%, which is the 
highest for the BHI dataset in the current literature. This study also 
identifies two types of common errors in integrated shuffling, which 
emphasizes the importance of data verification. Sklearn.shuffle can 
guarantee a more reliable data shuffling, ultimately leading to better 
performance and generalization. 
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