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ABSTRACT Article information:
In this paper, we present a Deep Learning (DL) model with optimized
performance for breast cancer (BCa) tissue classi�cation. A simple DL ap-
proach is applied to the analysis of invasive ductal carcinoma (IDC) tissue,
which is the most common BCa subtype. Binary classi�cation of non-IDC
and IDC tissues is proposed using Convolutional Neural Networks (CNN)
in the training and prediction phases. Our trained model achieved F1 and
sensitivity scores of 0.88, as well as micro-average values of 0.94 for the
area under the curve (AUC) of the receiver operating characteristic (ROC)
curve and 0.95 for the area under the precision-recall curve. Since the �le
size of our model is small, it has the potential for application in real-world
scenarios.
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1. INTRODUCTION

Nowadays, Arti�cial Intelligence (AI) is increas-
ingly applied in various �elds of research. A crucial
element of AI is the size of the dataset, and Machine
Learning (ML) is a vital tool for analyzing the ac-
quired data. Speci�cally, AI plays an essential role
in the medical community, helping doctors diagnose
complex diseases, e.g., analyzing cancer from a breast
X-ray to predict the risk of breast cancer from the pic-
ture. A high level of accuracy helps detect people at
risk for early treatment at a lower cost and with a
higher chance of being cured.

As an example, a pathologist requires years of
work experience to rapidly diagnose conditions. In
contrast, AI can be trained in a much shorter time
through the use of Deep Learning (DL) algorithms.
Rapid, accurate data analysis can improve diagnosis.
When the deep learning network has been trained
with an adequately robust training set, it is usually
able to generalize the learned performance to un-
seen situations, obviating the need for manually input
recognition features.

The accuracy of AI depends on the size and num-
ber of datasets analyzed. More extensive neural net-
works can be formed by exploiting DL algorithms.
DL methods involve deriving suitable feature spaces
solely from the data itself. Learning from training ex-

ercises will help pave the way for the generalization
of the learned model to other independent test sets.

Breast cancer (BCa) is the most prevalent disease
among women. It is also the leading cancer death for
women worldwide. Invasive ductal carcinoma (IDC)
is the most common of all BCa subtypes around the
world [1]. It spreads outside the walls of the milk
ducts and into the fat tissues of the breast. Cancer
can spread from this point to other parts of the body
through the lymphatic and blood systems. Patholo-
gists classify cancers by assigning an aggressiveness
grade to a whole mounted tissue sample. When do-
ing so, they typically focus on the regions which con-
tain the IDC. Automatic aggressiveness grading com-
monly uses a pre-processing step in which the precise
extent of the IDC is delineated in a whole-slide image
(WSI) [2] [3]. Janowczyk investigated IDC detection
using a DL approach without handcrafted features
extraction. An F1-score of 0.7648 was reported [3].

In a study that could be applied to cancerous
breast histopathology analysis [4], Xu et al. [5]
classi�ed epithelial and stromal tissues from colorec-
tal cancer analysis. Xu used Local Binary Patterns
(LBP) requiring handcrafted features and compared
the results obtained with an end-to-end feature ex-
tractor using deep Convolutional Neural Networks
(CNN), which achieved an F1 classi�cation score of
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0.85. The CNN-based approach outperformed the ap-
proach that used handcrafted feature extraction to
discriminate between epithelial and stromal tissues.

In 2017, the CAMELYON16 Challenge competi-
tion was organized to detect of lymph node metas-
tases in women with BCa [6]. Complex algorithms
of both DL and ML were utilized to classify cancer
metastases in WSIs.

Mercan et al. [7] proposed a framework for learn-
ing features of histopathology images at the region
level. A pre-trained CNN was fine-tuned using small
fixed-size samples from the regions of interest (ROIs).
Their experiments achieved a 4-class classification in
ROIs on the breast histopathology slides. The CNN-
based method achieved an accuracy of 0.6680.

In 2020, Shahidi et al. [8] utilized a dataset
of breast cancer histopathology images (BreakHis)
[9]. A set of pre-trained DL models with weights
derived from ImageNet [10] was fine-tuned and ex-
amined for tissue classifications, e.g., ResNeXt [11],
Dual Path Network (DPN) [12], Squeeze and Excita-
tion Network (SENet) [13], and Neural Architecture
Search Network (NASNet) [14] [15]. Pre-processing
included resizing, class re-balancing, normalization,
image contrast enhancement, multi-resolution seg-
mentation, stain normalization, and stain color trans-
fer between normalized images were also performed.
Shahidi et al. reported that factors such as pre-
processing, data augmentation, and transfer learn-
ing methods could influence model performances. At
the image patch level, the best accuracy of 0.99 for
multiclass classifications was achieved by the Incep-
tionResNetV2 architecture [16]. The model training’s
execution time was about 12 hours.

In 2020, Wang et al. [17] utilized an exciting 
dataset of the IDC tissue type of which characteris-
tics were close to our dataset in this work. Raw 
pathological images were provided by the Hospital 
of the University of Pennsylvania. They presented 
a deep hybrid learning for detecting IDC. A CNN-
enabled-Gated Recurrent Unit Network (GRU) ar-
chitecture was proposed to solve a vanishing gradient 
issue. However, they did not report all trainable pa-
rameters. Their approach achieved a 0.88 F1-score 
and a corresponding value of 0.89 area under the 
curve (AUC), respectively.

For a text format, machine learning approaches are
optimal for text-based feature analysis. Mojrian et al.
[18] utilized the radial basis function (RBF) to ana-
lyze the Wisconsin Breast Cancer Data set (WBCD)
[19] for the binary classification, (benign and malig-
nant). They reported the coefficient determination
of a model evaluation metric of 0.9374. Jabbar et
al. [20] utilized the same dataset. The patient-level
classification of benign and malignant was reported
with a 0.97 accuracy. The ensemble approach of ma-
chine learning classifiers including, the Bayesian Net-
work and the RBF, was proposed. Selected ten at-

tributes of the dataset were extracted and used for
the classifier development. However, Khan et al. [21]
adopted a one-dimensional convolutional neural net-
work (Conv1D) to learn a text-based dataset. Khan
also utilized logistic regression (LR), decision tree
(DT), random forest (RF), the voting classifier (VC),
and support vector machine (SVM). They reported
the F1-score of 0.96 given by DT.

To improve DL methods for practical application,
we focused on an end-to-end analysis approach of
pixels-based avoiding handcrafted engineering fea-
tures. In contrast, the pixels-based analysis using
the DL methods usually requires a deep architecture
of networks and massive datasets. Therefore, the
handcrafted engineering features and the end-to-end
analysis using only pixels, induce time-consuming and
highly complex computation.

In this work, we propose an optimal approach with
satisfactory analytical performances using DL per-
forming on raw pixels. We used a DL technique to
find the optimal model for BCa tissue analysis. The
ultimate goal is to develop an automatic screening
tool for BCa detection that identifies whether a WSI
presents evidence of an IDC. The method reduced the
execution time compared to the techniques which re-
quire experts to determine the severity or age of car-
cinoma and those more complex approaches, which
are more challenging to deploy.

The training was conducted at the image patch
level using patches of 48 × 48 pixels with data aug-
mentation. The training dataset contained patches
from around 280,000 images. Predictions were made
at the histology slide level to create tumor probabili-
ty maps using three data sources of images previously
unseen by the model.

The following section presents materials and me-
thods. Results of model performance evaluation and 
IDC probability maps are reported in Section 3. The 
discussion and conclusion are presented in Sections 4 
and 5, respectively.

2. MATERIALS AND METHODS

In this section, the materials and proposed me-
thods in this work are presented.

2.1 Dataset for Model Development

Originally, WSIs of diagnosed IDCs from 162
women at the Hospital of the University of Pennsylva-
nia (HUP) and The Cancer Institute of New Jersey
(CINJ) were digitized. Cruz-Roa et al. [22] intro-
duced a dataset consisting of IDC tissue regions which
were scanned at 40 × (0.25 µm/pixel resolution) and
stained using Hematoxylin & Eosin (H&E). Due to
their immense size, these WSIs were down-sampled
by a factor of 16:1 to a resolution of 4 µm/pixel.
Therefore, this colossal dataset with the mentioned
attributes is suitable for cancerous tissue classifica-
tion using DL approaches.
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Fig.1: Example BCa images of Non-IDC and IDC from the dataset.

Table 1: Original unbalanced IDC dataset is orga-
nized into three categories.

Objective Class No. of image Total
patches

Training Non-IDC 143,056 199,818
IDC 56,762

Validation Non-IDC 15,889 22,201
IDC 6,312

Testing Non-IDC 39,793 55,505
IDC 15,712

Total 277,524
Note: IDC = Invasive Ductal Carcinoma

In 2015, Janowczyk et al. [2] [3] curated this
dataset and made it available in the public domain
on the Kaggle website [23]. Example patches of these
BCa images are presented in Figure 1. The dataset
comprised 277,524 image patches of 50 × 50 pixels
were extracted from the WSIs in the Kaggle dataset.
The WSIs included 198,738 non-IDC (negative) and
78,786 IDC (positive) diagnoses.

In this work, the image patches were incoherently
selected, and organized into three categories, as pre-
sented in Table 1. The dataset was split 80:20 be-
tween training and testing sets. In the training set, a
portion of 10% was divided into the validation set.

2.2 Datasets for Prediction

We curated relevant WSI datasets of IDC-negative
and -positive BCa from various data sources. These
datasets were completely unseen by our classifier (the
trained model with the best weights). The attributes
of the datasets were outlined in Table 2. Key features
considered were the same for the prediction set as for
the training set, e.g., magnification, staining, color
mode, and file format.

The BCa datasets used for prediction were col-
lected from CINJ, Case Western Reserve University 
(CWRU) [24] [25], and BreakHis [9]. The histolo-
gical samples used to create these datasets had been 
H&E stained, and the images were in the PNG for-

mat digitized at the same 40X magnification in the
RGB color mode. The datasets of CINJ and CWRU
were provided by The Cancer Genome Atlas and
Genomic Data Commons (GDC) Data Portal. The
BreakHis dataset comprised microscopic image sam-
ples, which were generated from breast tissue biopsy
slides stained with H&E. This dataset was built in
collaboration with the P&D Laboratory, Pathological
Anatomy, and Cytopathology, Parana, Brazil. The
image samples were prepared for histological study
and labeled by the pathologists. The samples were
collected by the Surgical Open Biopsy (SOB) method.
Currently, the dataset contains images of 2,480 be-
nign and 5,429 malignant samples from 82 patients.
The images measure 700 × 460 pixels in the PNG for-
mat, at different magnifying factors in the 3-channel
RGB using the 8-bit depth in each channel [9] [26].

2.3 Proposed Approach

In this section, we proposed a DL method for BCa
tissue classification of benign and malignant. Our
goal aims to create an automatic screen tool that can
detect an IDC tissue type in a slide-level prediction.
We exploited an end-to-end approach for model de-
velopment. The proposed method consists of training
and prediction phases, as shown in Figure 2.

In preparation for training, non-IDC and IDC im-
age patches measuring 50 × 50 raw pixels were resized
to 48 × 48 pixels and then fed into the designed net-
work of our model (details in Section 2.4). The data
augmentation of these patches was processed on-the-
fly during the training processes.

In 2019, Ornek et al. [27] reported that classifica-
tion performance was significantly improved by im-
age augmentation with simple enhancement methods.
The parameters and configuration of the augmenta-
tion carried out in this work are reported in Table 3.
Since the tissue slide images have no orientation, the
image patches can be flipped horizontally and verti-
cally. We found empirically that the model returned
a better performance by using a zoom range of 25%
and reflecting the fill mode. Batches of 32 patches
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Table 2: Datasets and their attributes for prediction.
Dataset Scanner Mag. Stained Size (pixels) Color mode Format
CINJ Aperio 40X H&E 1,500 - 4,000 RGB PNG
CWRU Ventana 40X H&E 1,500 - 6,000 RGB PNG
BreakHis Olympus 40X H&E 700 × 460 RGB PNG

Note: CINJ = The Cancer Institute of New Jersey, CWRU = Case Western Reserve University,
BreakHis = The Breast Cancer Histopathological Image Classification

Fig.2: Deep Learning approach for breast cancer tissue classification.

were fed into the proposed model during the training
phase.

The outputs produced by the model were binary
predictions of non-IDC (0; negative) or IDC (1; posi-
tive) tissue. In the prediction phase, the trained
model with the best weights was selected to be our
classifier. The unseen WSIs from the three datasets
were used to create IDC probability maps as our fi-
nal results. The image patches were kept small to
ensure smooth and fine-grained representations. A
small image block of 32 × 32 pixels was selected, and
a Gaussian. The filter of 3 × 3 pixels was applied for
smooth operation.

2.4 Model Architecture

The structural architecture of the proposed model
is shown in Figure 3. Multi-dimensional feature vec-
tors were computed using 2D separable CNN layers
with kernel sizes of 3 × 3 pixels and the Rectified Li-
near Unit (ReLu) activation function. The last fea-

ture vectors of samples with the dimensionality of 256
× 6 × 6 were pooled into a multilayer perceptron
(MLP) using Global Average Pooling 2D (GAP2D)
[28]. The dense layers of 256, 128, 64, and 32 per-
ceptrons generated squeezed-feature vectors of sam-
ples x number, where the number is the correspond-
ing perceptron units. The ReLu activation function
[29], as defined in Equation 1, was applied to all the
dense layers. Finally, the 32-dimensional feature vec-
tors were fed forward into the Softmax (Equation 2)
[30], the activation function layer, which normalized
classification abilities over the binary classes of the
tissues where zj is the feature vector in K examples.

g(~z) = max(0, z) (1)

σ(~z) =
ezj∑K
k=1 e

zk
(2)
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Fig.3: Structures of the proposed model architecture presented in Figure 2: (BN = Batch Normalization,
MP2D = Max Pooling 2D, GAP2D = Global Average Pooling 2D.

Table 3: Parameters of data augmentation and their
configurations for the training patches.

Parameter Configuration Description
Rescale 1.0/255.0 Rescaling factor,

data will be
multiplied by the
value

Horizontal True Randomly flip inputs
flip horizontally
Vertical flip True Randomly flip inputs

horizontally
Rotation range 20 Degree range for

random rotations
Width shift 0.1 Fraction of total
range width to random

shift
Height shift 0.1 Fraction of total
range width to random

shift
Zoom range 0.25 The range for

random zoom
Fill mode Reflect Points outside the

boundaries of the
input are filled

Batch normalization [31] and regulation [32] rates
of 25% were deployed for all layers. When the feature
vectors changed the dimensionalities, e.g., from 32 ×
48 × 48 to 64 × 24 × 24, max pooling 2D (MP2D)
with a filter size of 2 × 2, and the same regulation
rate were applied to preserve feature characteristics
and help protect against overfitting.

Table 4: Patch sizes were probed, and model per-
formances were evaluated in the pilot study.

Patch size (pixels) F1 score
75 × 75 0.65
64 × 64 0.76
50 × 50 0.81
48 × 48 0.85
32 × 32 0.78

For the last CNN, GAP2D was applied to the
weights before the weights were fed forward into the
256-dense layer. The total number of parameters of

these weights was 344,610. The number of parameters
would be more than double if the weights were pro-
cessed in the flattened layer instead of GAP2D. To
compensate for the unbalanced class of the dataset
shown in Table 1, class weights of the training set
were computed and used during the training. Table
5 lists the hyper-parameters and their configurations
for the proposed model.

2.5 Model Training

The training and validation of the model were de-
termined using many hyper-parameters. In our pilot
study, patch sizes of 75, 64, 50, and 48 pixels were
probed using the CNN kernel sizes of 3 × 3. We
found that the size of 48 × 48 pixels gave the best
validation scores due to its most effective receptive
field [33] exploited by the kernel size of CNN (see
Table 4).

Numbers of MLP layers and their neurons of the
model architecture were trialed. Batch sizes, ker-
nel sizes, activation functions, optimizers (Adagrad
[34], Adam, Adamax [35], and Gradient descent with
momentum (SGD) [36]), loss functions (binary cross-
entropy and categorical cross-entropy), and learning
rates were also fine-tuned. Table 5 concludes the op-
timal hyper-parameters and their configurations for
the proposed model. The data augmentation and 5-
fold cross-validation were applied.

Figure 4 shows the accuracy and loss graphs of 40 
epochs in the training and validation of the proposed 
architecture. During the training of this dataset, each 
fold required approximately six hours. The final vali-
dation achieves 0.87 accuracy and 0.32 loss, conse-
cutively. The graphs show that the training process 
still generated some degree of overfitting. However, 
the charts of accuracy and loss are convergent each 
other, which is acceptable.

3. RESULTS

3.1 Model Performance Evaluations

The model performance was evaluated using the
metrics defined in Equations 3 - 11 [37] [38]. The me-
trics include the accuracy, F1-score, precision (posi-
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Fig.4: Training and validation accuracy of the proposed architecture.

tive predictive value; PPV), negative predictive value
(NPV), sensitivity (true positive rate; TPR), speci-
ficity (true negative rate; TNR), balanced accuracy
(BA), false positive rate (FPR), and false negative
rate (FNR). The metrics were analyzed where TP =
true positive, TN = true negative, FP = false posi-
tive, and FN = false negative.

accuracy =
TP + TN

TP + TN + FP + FN
(3)

F1score =
2TP

2TP + FP + FN
(4)

precision(PPV ) =
TN

TP + FP
(5)

precision(NPV ) =
TN

TN + FN
(6)

sensitivity(TPR) =
TP

TP + FN
(7)

specificity(TNR) =
TP

TP + FN
(8)

BA =
TPR+ TNR

2
(9)

FPR =
FP

FP + TN
= 1 − TNR (10)

FNR =
FN

FN + TP
= 1 − TPR (11)

Table 5: Hyper-parameters and their configurations
for the proposed model.

Parameter Configuration
Train-test ratio 0.8
Validate ratio 0.1
Patch size 48 × 48
Batch size 32
Kernel size 3 × 3

Activation function ReLu for CNN layers and
MLPs
Softmax for prediction layer

Loss function Binary cross-entropy
Optimizer Gradient descent optimization

(SGD) algorithm
ReduceLROnPlateau Monitor on loss with factor =

0.3, patience = 3
EarlyStopping Monitor on loss with mode =

minimum, patience = 3

The model performances were evaluated at the
image-patch level using the testing set that con-
sisted of 55,505 image patches (non-IDC 39,793 and
IDC 15,712) (Table 1). The classification report
of the patch-level evaluation is presented in Table
6. The report provides information about Precision
(PPV), Sensitivity (Recall), and F1-score. The clas-
sifier model achieved the weighted average F1-score
of 0.88. Another performance evaluation was also
set up. Training, validation, and testing were pre-
processed to make balanced classes. The minor type
was oversampled to reach the number of patches of
the significant type utilizing the Imblearn python
package [39]. The total images consist of 397,476
patches which is a 42.2% increase from the total im-
ages of the unbalanced dataset. Stratified 5-folds
cross-validation of the training, validation, and test-
ing was performed. The model returned the F1-score
of 0.86, which means that the model has good stabili-
ty compared to the F1-score of 0.88 of the unbalanced
dataset.

Receiver operating characteristic curves (ROC) 
and the corresponding values of AUC calculated from 
TPR (sensitivity) and FPR (1-specificity) were eval-
uated. The model achieved a micro-average of 0.94 
of AUC. However, Saito et al. [38] reported that 
the precision-recall plot is more informative than the 
ROC plot in the case of an imbalanced class perfor-
mance evaluation such as our testing set in this work. 
Therefore, Figure 5 presents graphs plotted from the 
relationship between precision (PPV) and recall (sen-
sitivity) computed using the binary prediction for
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each tissue class. The micro-average area of the
precision-recall of our classifier was 0.95, which is
close to the corresponding calculated AUC of the plot
of sensitivity against 1-specificity.

Table 6: Classification report of the testing set.
Class Precision Sensitivity F1- Support

(PPV) (Recall) score
Non-IDC 0.94 0.89 0.91 39,793
IDC 0.75 0.85 0.80 15,712

Accuracy 0.88 55,505
Macro avg 0.84 0.87 0.86 55,505
Weighted 0.88 0.88 0.88 55,505
avg
Note: IDC = Invasive Ductal Carcinoma, PPV =
Positive Predictive Value

Fig.5: Precision-recall (sensitivity) curve evaluated
using the testing set (0: Non-IDC, 1: IDC).

3.2 IDC Probability Maps

Tissue classification maps of unseen WSIs were
processed by our classifier using the datasets from
CINJ, CWRU, and BreakHis (Table 2). A slide was
decomposed into image patches of 32 × 32 pixels. The
actual coordinates of these patches were recorded.
Each patch was resized to the size of 48 × 48 pixels.
The size was identical in the training phase. These
patches were predicted by our classifier. To construct
an IDC probability map, prediction scores between
0.0 to 1.0 were calculated from the Softmax function
(Equation 2) of each patch. Then, a completed score
map consisting of new patches of 32 × 32 pixels was
created and initialized using its corresponding pre-
diction scores. We aligned the scores of the pre-
dicted patches using the false color representation.
The lower scores were mapped into cool tone colors,
whereas the higher scores were mapped into intense
tone colors. Finally, the score map was composed
over the original slide image at the same coordinate
as the corresponding patch. A Gaussian blur filter of
three with bicubic interpolation was applied to obtain
fine-smooth representations of the probability maps.

Figure 6 shows examples of IDC probability
maps superimposed on original WSIs from the CINJ
dataset. The rows in the figure display the original

image, the corresponding IDC probability map, and
the ground truth binary mask of the probability map.
The IDC probability maps for WSIs A, B, and C are
shown in D, E, and F, respectively. The colors in the
probability maps represent the degree of probability,
with dark blue indicating the lowest IDC probability
and red indicating the highest.

In Figure 7, we can see examples of IDC prob-
ability maps superimposed on WSIs from the CWRU 
dataset. At the image patch level, there are more false 
positive results in these probability maps compared 
to those produced by the classification of the CINJ 
dataset. However, these probability maps are still 
suitable for slide-level predictions.

Slide-level predictions of BreakHis images are pre-
sented in Figure 8. Images A - D represent examples
of four different types of malignant carcinoma tissues.
Even at the middle levels of probability, characterized
by green tones, the classifier could detect the location
of malignant tissues. Images E - H represent exam-
ples of four different types of normal, benign tissues
of the types used to test the negative prediction per-
formance of the optimized classifier. There was no
FP result from these images. Our classifier detected
them correctly.

4. DISCUSSIONS

DL algorithms were tightly coupled with the train-
ing dataset. Model generalization toward other 
datasets, even though in the same domain, still re-
quires improvement, especially for applying in real-
world applications. Cross-validation to improve 
model generalization is a future challenge. In this 
work, we propose a practical, end-to-end approach 
to an ML pipeline for data analysis. Our methods 
do not require handcrafted feature extraction. The 
attributes of the training set selected for prediction 
were kept as close as possible to the characteristics of 
the original datasets. Qualitatively, the results of 
our IDC probability maps at the slide level were sa-
tisfactory, with a sensitivity of 0.88 and an AUC of
0.94.

However, in practice, the classifier’s performance
still depends on attributes of the dataset, such as the
H&E staining, 40x magnification, RGB color mode,
and PNG file format. We also found that the choice
whether which file format, PNG or JPG, is used
for patches significantly influences the model perfor-
mance, especially when applying data augmentation.

A training technique of transfer learning utilizing
pre-trained models with the ImageNet database [10]
WSIs was also determined in this work. VGG16 [40]
[41], VGG19 [40], Xception [42], and ResNet50 [43]
[44] were used and configured using the same set-
tings as the proposed model. Compared to our ex-
periments, the proposed model still outperforms the
classification performances of the pre-trained models,
as shown in Table 7.
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Fig.6: (A-C) Examples of original BCa WSIs from the CINJ dataset, were previously unseen by our classi-
fier. (D-F) Corresponding tumor probability maps of WSIs A, B, and C indicate probability by a false-color
spectrum. Probability can be interpreted using the representative bar (red for the highest probability and dark
blue for the lowest probability). The images (G-I) show corresponding ground truths of the BCa WSIs.

Fig.7: (A-C) Examples of original BCa WSIs from the CWRU dataset, were previously unseen by our
classifier. (D-F) Corresponding tumor probability maps of A, B, and C indicate the probability by false colors.
Red represents the highest probability, and dark blue is the lowest probability. (G-I) Corresponding ground
truth binary masks of the BCa WSIs.
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Fig.8: Tumor probability maps of unseen BreakHis images. (A-E) Examples of four types of carcinoma
tumor tissues are correctly predicted as positive. (E-H) Examples of four different types of negative tissues
are correctly predicted as negative.

Table 7: Model performance evaluations comparing with the pre-trained models.
Model F1-score Accuracy Sensitivity Specificity FPR FNR
VGG16 0.8050 0.8050 0.8140 0.7961 0.1950 0.1950
VGG19 0.7888 0.7889 0.7696 0.8082 0.2111 0.2111
Xception 0.8151 0.8151 0.8012 0.8290 0.1849 0.1849
ResNet50 0.8126 0.8127 0.7954 0.8300 0.1873 0.1873
ResNet101 0.7206 0.7212 0.7658 0.6766 0.2788 0.2788
Our model 0.8802 0.8782 0.8907 0.8466 0.1313 0.1313

Table 8: Model performance evaluations compared with the related works on the same dataset.
Model F1-score Balance Sensitivity Specificity

Accuracy
Cruz-Roa et al. [22] 0.7180 0.8423 N/A N/A
Janowczyk et al. [3] 0.7648 0.8468 N/A N/A
Wang et al. [17] 0.8800 N/A 0.8560 0.8471
Present work 0.8802 0.8687 0.8907 0.8466

Our proposed classifier has been compared with
other state-of-art classifiers [3] [17] [22] that utilized
the same training dataset. Our proposed classifier
outperformed in all significant measures, including
F1-score, balance accuracy, sensitivity, and speci-
ficity, as shown in Table 8. Specifically, Cruz-Roa
et al. [22] and Janowczyk et al. [3] reported 0.7180
and 0.7648 F1-scores, respectively, but our proposed
classifier achieved a significantly higher F1-score of
0.8802. The achievement was similar to Wang et
al. [17]. Nevertheless, the AUC of 0.94 in this work
outperformed the AUC of 0.89 in [17]. In addition,
our approach promotes more straightforward and ex-
plainable algorithms.

When considering executable times, InceptionRes-
NetV2 consists of 572 layers and around 56 million pa-
rameters with a size of 215 MB [45]. Shahidi et al. [8]
conducted their experiments using Inception-ResNet-
V2 [16], ResNeXt-101 [11], and SENet-154 [13] on the
Colab service Pro version with access to the GPU
enabled (T4 or P100, and 27.4 GB of RAM). The

training time required was 12 hours. Other models,
e.g., NASNet [14] [15], DPN-131 [12], and ResNeXt-
101(64×4d), required 24 hours for training.

The total number of trainable parameters of our
model architecture was three hundred thousand. As a
result, a local high-end workstation (with or without
GPU enabled) can handle the model training on the
user customized datasets. With our local GPU en-
abled (3,072 CUDA cores, 16 GB setting), our work-
station required around six hours for training and one
and a half minutes to create an IDC probability map
at the slide-level prediction.

Used in this optimal configuration, we believe that
our model has the potential for further performance
improvements, such as boosting up the size of the
dataset, modifying the model architecture such as en-
abling GRU [17], fine-tuning hyper-parameters, and
real-world deployment.
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5. CONCLUSIONS

Based on the feasibility of deploying our Deep
Learning model for practical usage, we have proposed
a simple and effective Deep Learning approach to
breast cancer tissue classification. Invasive ductal
carcinoma, the most common subtype of all breast
cancers, was our priority for detection. The archi-
tectural design of the proposed model comprises just
three hundred thousand total trainable parameters.
It was quickly trained on a dataset consisting of
around 280,000 image patches with the size of 50 × 50
pixels acquired from non-invasive and invasive ductal
carcinoma tissues. During the training, each batch of
images was pre-processed using several operations of
data augmentation.

The model achieved an F1-score of 0.88. Three
data sources were selected to evaluate the slide-level
prediction. Probability maps of invasive ductal car-
cinomas were generated and superimposed over the
whole-slide images. Even though some false positives
were produced, qualitatively, the probability maps
produced satisfactory results. Since we obtained a
sensitivity of 90% for identifying of non-invasive duc-
tal carcinomas, false negative prediction filtering at
the slide level was acceptable.

The training and prediction configurations of our
proposed approach are easy to deploy, particularly in
practical applications, because the classifier only con-
sists of 1.5 MB of trained weights. The flexible model
can be easily installed and deployed on readily avail-
able, portable devices like smartphones and tablets
or on regular PCs.
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