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Abstract
Having examined many scientific researches, classification can perceive as one of the prominent techniques which
utilize widely in a variety of data mining modes. Acquiring insight such as efficiently of performance on large data
sets, robustness in handling variety of data sets with corrupted data, and classification ability with aim of producing
valid and new knowledge about the functionality of every classification model can exert very beneficial effects on
tasks that are addressed with machine learning users. Inspired by these problems, in the current study we introduced
a design of conditional Generative Adversarial Network–Deep Neural Network (cGAN-DNN) architecture for
classification of records from two hospital that was collected from patients affected with breast cancer and diabetes.
Our experimental results show that the model developed here, can reliably and with robust stability classify the
subjects with an accuracy of 98.0% (diabetes) and 99.6% (breast cancer). In the terms of sensitivity, precision, and
F1-score the obtained results are 98.4%, 98.5%, and 98.2% (diabetes), 99.7%, 99.4%, and 99.6% (breast cancer),
respectively. Besides, the proposed model was validated in the comparison with machine learning approaches,
which experimental results claim a high inconsistency among machine-learning based approaches. Regarding
obtained results from the experiments and evaluation based on metrics, we can demonstrate that the proposed model
can be tuned to utilize into various classification tasks.
Keywords: Deep neural networks, Classification, Deep learning, Generative adversarial net
1. Introduction
Recently, studies on text classification have gain more importance due to the availability of a significant number of
electronic documents from a variety of sources. These resources include the web, government databases, news
articles, biological databases, digital libraries, e-mails, and blog databases. Therefore, proper classification and
discovery of knowledge from these sources are considered to be vital for study and research. Researchers are trying
to use machine learning techniques in order to automatically classify and discover patterns in digital documents.
Enable users to extract information and knowledge from textual sources is one of the prerequisite goals of
classification [1-3]. The number of machine learning algorithms is increasing daily, and classification can be
performed through different algorithms [4]. Classification algorithms use a variety of techniques to find relations
among the features, and these relationships are summarized in a model that can be utilized for datasets whose classes
are unknown [5]. Classification or prediction comes with a major functionality and it’s the most widely used
technique in a variety of data mining modes. Classification algorithms are based on supervised learning, in which
they looking for hidden relationships among the target classes and independent variables [6]. Classification
algorithms or supervise learning in general assign labels to observations so that unsupervised data can be classified
based on the training data. The aim, model structure, performance, search, and data management methods are the
main components of any algorithms [7]. Photo and pattern recognition, medical diagnosis, loan verification, error
detection, financial trends are some of the most popular classification tasks [8]. Before using a model produced by a
classification algorithm, the model should be evaluated based on certain criteria. This model is likely to lead to
certain errors, so the data scientist should consider this possibility when selecting the specific model [9]. Having
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examined many reports, the accuracy or percentage of items that are correctly classified by the model is the most
common decision criterion for further evaluation of the models [7]. Admittedly, a variety of criteria can be utilized
to make a comprehensive comparison and evaluation of the models. Berson et al. [10] defined these concepts of
evaluation as accuracy, explanation, and integration capabilities. Maimon and Rokach [6] introduced these
comparison criteria as generalization errors for the model: computational complexity or amount of CPU consumed
by the inductor, comprehensibility or ability to run efficiently on larger databases, robustness or the ability to work
on corrupted data, the stability or ability to produce reproducible results in different datasets, and finally the
interesting nature of the ability to classify in the order of producing valid and new knowledge. Gaining new
information about the functionality of every algorithm can exert very beneficial effects on tasks that are addressed
with machine learning users [4, 11].
2. Literature review
The predictive power of machine learning classification algorithms has been perceived attractive for many years.
Therefore, numerous studies have focused on presenting new classification models or comparing the existing models
and the prominent factors influencing model performance. Hacker and Ahn [12] conducted a comparison experiment
that focused on user selection. They compared many methods and proposed a new classification model called the
relative SVM (Support Vector Machine) that outperformed the others. In another study, the classification algorithms
such as AIRS2P, C4.5, CART, CSCA, ExCHAID, IBK, Logistics, Logitboost, MLP, MLVQ, Naïve Bayesian,
QUEST, RSES, and SVM were implemented in the ten datasets. Factors affecting the performance and speed of
classification algorithms based on experimental results of difference, correlation, and regression tests were
emphasized [7]. Another study was conducted by Korde and Mahender, in which they introduced the classifications,
text classification process, as well as a general review of classification techniques and comparison of Rocchio’s
Algorithm, KNN, Naïve Bayes, Decision tree, Decision Rule, SVM, Neural Network, LLSF, Voting, Associative
classifier and Centroid based classifier, were performed based on a few criteria including time complexity and
performance [13]. In another research conducted by Shah and Jivani was aimed at the diagnosis and prevention of
breast cancer in patients. This study was performed on the Decision tree, Bayesian Network, and KNN algorithms
based on accuracy, time-consuming, kappa statistics, relative absolute error, and relative square root error. In this
comparison, the Naïve Bayes model was superior [4]. In another study conducted by Nabi and Ahmad [14], a
comparison was made between the three classification algorithms KNN, Bayesian Network, and Decision tree. In
this paper, the strength and accuracy of each algorithm for classification in terms of performance efficiency and time
complexity were evaluated. In another study, Kim et al. [15] proposed two new methods: text normalization and
feature weighting, which eliminates the flaws of the Bayesian algorithm in text classification tasks. They claim that
their methods work well compared to many new methods such as SVM. Brazdil et al. [16] proposed a meta-learning
method to assist in the algorithm selection process. They used the KNN algorithm to identify datasets that are very
similar to each other, and the performance and speed of the selected algorithms in that dataset were used to collect a
ranking for the user. In another research, Maindonald points to the problems and complexities of comparing
algorithms and emphasizes the fact that users who have more experience with a particular model tend to produce the
best results with that model. Thus, published functionality results are very broad indicators and depend on the
dataset [17].
3. Methodology
This study aimed to provide results with reliability, repetition, and a strong evaluation in between machine learning
and deep learning on text classification. The details of the steps of organizing this research are as follows: first, the
selected datasets for the experiments are introduced, and then according to the conditions of testing and models
used, pre-processing is performed on the data, and in the next step, the common algorithms used in the machine
learning is considered and then the proposed model is introduced. Results obtained in the tests are displayed based
on accuracy, sensitivity, specificity, precision, and F1-score, and the approaches are compared based on the results
obtained in the tests. Besides, there is a look at comparing common approaches used in machine learning with each
other, and at the end of the discussion, new ideas have been developed in the field of deep learning.
3.1. Data Description
Two datasets were used for this comparison. The first data set includes 5 features for diagnosing breast cancer in
women based on the average radius, average tissue, mean environment, average area, and uniformity. This dataset
contains 570 patient records of the University of Wisconsin Hospital. Finally, the last dataset is related to patients
with diabetes, which examines 8 characteristics of pregnancies, glucose, blood pressure, skin thickness, insulin, BMI
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(body mass index), diabetes pedigree function, and age to diagnose diabetes in patients. This collection contains
2000 records of patients from Frankfurt Hospital, Germany. Table 1 summarizes the attributes of each of the
datasets.
Table 1: Dataset characteristics used for experiments
Dataset name
Number of variables
Target class types
Number of instances
Breast Cancer

5

2

570

Diabetes

8

2

2000

3.2. Data Pre-processing
After the collection of the datasets, pre-processing was performed on data. This process was divided into two stages:
cleaning and review. Data cleaning can consider being identification, filing, and deletion of incomplete, inaccurate,
or ambiguous data. Having examined the nature of the datasets, it can be seen all of the records are complete and
integers and real values. Next, mean normalization was performed on the datasets. The far difference in between
features quantity can lead to slow training and convergence, to address this problem, the datasets were normalized
into a range of 0-1 using mean normalization. The normalization was done column-wise using the following
equation (1):

3.3. Machine Learning Algorithms
In this step, a brief overview of the causes and benefits of using machine learning algorithms is given:
support
vector machines are commonly used for classification, regression, or ranking performance. This algorithm is based
on statistical learning theory and the law of minimizing structural risk is used to determine the optimal boundary
setting for optimal class separation. This algorithm is one of the most widely used classification algorithms in
bioinformatics due to its performance, efficiency, and capability in large data space and a large number of
characteristics [18-21]. The logistics regression algorithm is widely used in machine learning for classification
problems. In this algorithm, L1 regularization is used to prevent over-fitting, when the number of learning
parameters is high. regularized logistic regression has shown good performance in classifying cases with many
features [22,23]. Random forest classification algorithms are widely used in machine learning problems due to their
accurate and reliable performance in diagnosis and classification [24]. Simplicity in comprehension and
interpretation, even for non-expert users, is one of the reasons why this algorithm has been widely used in decisionmaking programs [25,26]. It is a case-based classifier that acts based on the distance or similarity of performance to
the Euclidean distance or the measurement of the cosine similarity. This algorithm has been used in many
applications due to its effectiveness, non-parametricity, and easy execution [27,28].
Today, Bayes classifiers
are used in many applications due to their simplicity and high accuracy. Using this algorithm in a large data set gives
us results with high speed and accuracy so that the presented results are competitive with the results obtained
through more accurate methods [28-31].
3.4. The Proposed Model Architecture
The development of deep learning algorithms for complex tasks has relied on the availability of large labeled
training datasets, usually containing thousands of examples. However, it is challenging to construct large labeled
datasets specially in medical sciences [37]. In the current research, a hybrid approach was proposed for the purpose
of constructing a robust classification model. It is common knowledge that the more data a machine learning
algorithm has access to, the more effective it can be. Even when the data is of lower quality, algorithms can actually
perform better, as long as useful data can be extracted by the model from the original dataset [38]. In that order, we
construct an extension of the generative adversarial net to a conditional setting [40, 41] for tackling the shortage of
the examples in the datasets.
The GAN framework establishes two distinct players, a generator and discriminator, and poses the two in an
adversarial game. The discriminator is tasked with distinguishing between samples from the model and samples
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from the training data; at the same time, the generator is tasked with maximally confusing the discriminator. We can
state the objective here using a minimax value function [39]:
The terms of the equation in prose:
1. Train the discriminator to maximize the probability of the training data.
2. Train the discriminator to minimize the probability of the data sampled from the generator. At the same
time, train the generator on the opposite objective.
In the current research, in order to add a conditioning ability to this framework, and generate data points for specific
classes of data, an arbitrary condition y for generation can be established. This procedure restricts both the
generator in its output and the discriminator in its expected input. For this purpose, the generator model can be
defined as
, which takes noise data
with an embedding
as an input and it
generates an example
. Regarding the discriminator, the model can be described as
,
which takes an example and a specific condition (label) and outputs the probability based on the condition
which came from the empirical data distribution rather than from the generator model. The objective function of
two-player minimax game can be described as [41]:
We constructed a conditional adversarial net for the selected datasets conditioned on their class labels. In the
proposed generator model, a noise prior with dimensionality 100 was drawn from a uniform distribution. The class
labels were represented by dense vectors of size 10 in which each of the classes for the selected datasets (0 or 1)
will map to a different 10-element vector representation. Then, both and are mapped to hidden layers with
Rectified Linear Unit (ReLU) activation function. Layers with size of 30, 15 and 30 neurons, respectively. At the
end, a sigmoid unit layer was considered as our output for generating the feature size dimensional examples.
Similarly, in the proposed discriminator model, the class labels were represented by dense vectors of size of 10 in
which each of classes will map to a different 10-element vector representation. Then, it will be mapped to a hidden
layer with the size of the features. Both of the x and y will then concatenate as one single vector, and mapped to
hidden layers with size of 20, 10 and 20, respectively. A sigmoid unit was utilized for obtaining the final probability
of the model.
We have trained the model using Adam optimizer with mini-batches of size 128 on a total of 1200 epochs. Binary
cross entropy loss was considered as loss function. The learning rate and momentum were used with initial value of
0.0002 and 0.5, respectively. Fig. 1 demonstrates the architecture of the proposed conditional generative adversarial
net.

Fig. 1: The architecture of the proposed conditional generative adversarial net.
Recently, artificial neural networks or deep neural networks (DNNs) have been showing high performance [32, 33].
DNN classifiers have recently shown their superiority over other classical classifier approaches based on feature
vector classification [34, 35]. In that order, in the current study for the classification task, a 7-layer DNN was
developed. During the experiments, a variety of architectures were tested on the datasets, and improvements were
taken place on each test in the order of producing a sensitive and robust architecture that can be utilized in a wide
range of classification problems. The proposed classification model consists of 7 hidden layers in which each layer
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encompasses a different quantity of neurons which were tested in a variety of ranges as the number of hidden layers
and then bests were selected for the experiments, in this model, the neurons in these 7 layers numbered 400, 350,
300, 250, 300, 350, and 400 respectively. The number of inputs corresponds to the number of features which is
varied in different datasets. The number of neurons in the output layer on the other hand was the same, as the result
of 2 classes in each dataset. An illustration of the proposed model used in this research is shown in Fig. 2.

Fig. 2: The architecture of the proposed model
ReLU (Rectified Linear Unit) was used as an activation function for hidden layers and for the output, the sigmoid
function was utilized. The datasets are relatively small and so is the test set, and as result, it is expected for the
proposed model to stick to one of the local minimums, for tackling this problem
optimizer was considered
as a suitable approach. The selected optimizer method is deliberately searching for a global minimum to explore the
most optimized approaches. For faster training and convergence, the weights of the networks and the bias values
were randomly initialized and the learning rate was set as 0.001.
4. Performance measures
In this study, the performance classification of models in terms of precision, sensitivity (Recall), F1-score (Fmeasure), Loss, Accuracy, and AUC (Area Under Curve) were examined. These criteria are based on the number of
true classified positive samples (TPs), the number of true classified negative samples (TNs) , the number of false
classified positive samples (FPs), and the number of false classified negative samples (FNs) are defined. The
accuracy of the ratio of cases to the correct classification is estimated from the total cases (Formula 3).

Sensitivity: This shows the correct percentage of results obtained by the classification algorithm. The following ratio
shows the true classified positive samples (Formula 4):

F1-score: F measurement is a criterion for measuring the accuracy of a test that in this study, has been used for
advanced classification evaluation and is defined based on the following formula (Formula 5):

Classification accuracy will be the number of correct predictions as a ratio of all predictions made (Formula 6). This
is the most common evaluation criterion for classification problems that are often used [36].
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Area Under Curve is one of the most widely used metrics for evaluation. It is used for binary classification
problems. AUC of a classifier is equal to the probability that the classifier will rank a randomly chosen positive
example higher than a randomly chosen negative example. As evident, AUC has a range of [0, 1]. The greater the
value, the better is the performance of our model.
5. Results and Discussion
5.1. Experimental Results
All of the records in both datasets were considered for the training of the proposed cGAN. The proposed cGAN was
trained at a total of 1200 and 2000 epochs on diabetes and breast cancer records, respectively. After the training, the
proposed cGAN was generated 20000 new records for each dataset, and the total number of records reach to 22000
and 20569 for diabetes and breast cancer datasets, respectively.
The experiments were performed for classifying records in each dataset. In order to show the reliability of the
model, the KFold cross-validation technique was utilized. Having examined many researches in this field, we can
easily conclude that a variety of classification models are suffering from overfitting problem in which the model
demonstrates a good performance on the training set and it cannot perform well on the test set, for the avoidance of
this situation all of the samples were divided to
sets and in every iteration,
sets were going to use as
training sets and the rest is used for test and validation. In the current study after testing a wide range of quantities,
split is considered to be the most effective value for this task. In the order of a comprehensive evaluation, a
statistical assessment was conducted for the eight representative classification models on the descriptors mention in
the performance measures section. Sensitivity, precision, F1-score, and accuracy results for the binary classification
of records in the diabetes dataset, are given in Table 2.
Table 2: Sensitivity, precision, F1-score, and accuracy values obtained for machine learning base models and
proposed model on diabetes dataset.
Models
Performance Metrics (%)

SVM
Naïve Bayes
Random Forest
Decision Tree
K-NN
Logistics Regression
Proposed DNN

Precision
70.5%
65.1%
92.6%
97.3%
79.5%
71.0%
98.5%

Sensitivity
55.2%
58.6%
92.8%
96.2%
57.9%
52.5%
98.4%

F1-score
61.8%
61.5%
92.7%
96.8%
66.7%
60.3%
98.2%

Accuracy
76.8%
75.1%
94.9%
97.4%
80.3%
76.4%
98.0%

The shown Table 2 illustrates the results of experiments and evaluation on the diabetes dataset. As can be observed,
the proposed model, Random Forest and Decision Tree showed superior performance in comparison with other
models. The proposed model was highly sensitive in detecting patients with this disease with a sensitivity of 98.4%
and the accuracy of 98.0%, Decision Tree and Random Forest were performed with modest differences with a
sensitivity of 96.2% and 92.8%, and the accuracy of 97.4%, and 94.9%, respectively. In terms of Precision and F1score, these models were showed similar performance in these ranges. Regarding other models, results indicate that
the performance was weaker. By the way of illustration, in Naïve Bayes, the performance was at the lowest level in
comparison to others, in which the accuracy was approximately 75%, SVM and Logistic Regression have followed a
similar pattern with a modest difference of around 1% in terms of accuracy, and they showed insignificant
sensitivity in the detection of patients with diabetes.
Table 3: Sensitivity, precision, F1-score, and accuracy values obtained for machine learning base models and
proposed model on Breast Cancer dataset.
Models
Performance Metrics (%)

SVM

Precision
70.5%

Sensitivity
55.2%

F1-score
61.8%

Accuracy
76.8%
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65.1%
92.6%
97.3%
79.5%
71.0%

58.6%
92.8%
96.2%
57.9%
52.5%

61.5%
92.7%
96.8%
66.7%
60.3%

75.1%
94.9%
97.4%
80.3%
76.4%

98.5%

98.4%

98.2%

98.0%

Contrary, in the experiments on the Breast Cancer dataset, results were showed significant differences in the
comparison with the diabetes dataset, as can be viewed in Table 3. In these experiments, all of the models showed
similar performance and the proposed model showed robust stability in the contrast to other models. By the way of
explanation, the highest performance in terms of accuracy was achieved by the proposed model, Naïve Bayes and
Decision Tree and attained the results of 99.6%, 90.2%, and 90.0%, respectively. However, in terms of sensitivity
which is considered to be the prime importance for detecting the positive case of patients diagnosed with Breast
Cancer, the proposed model, Naïve Bayes, and SVM outperformed the others with negligible differences. Other
models, followed similar patterns with insignificant variation in these terms.
Table 4: Obtained results from the experiments on two datasets based on AUC and Logloss.
Models
Diabetes
Breast Cancer
AUC

Logloss

AUC

Logloss

SVM

0.827

0.492

0.937

0.286

Naïve Bayes
Random Forest
Decision Tree
K-NN

0.822
0.982
0.972
0.905

0.590
0.320
0.829
0.846

0.958
0.922
0.898
0.914

0.368
1.877
3.277
1.680

Logistics Regression
Proposed DNN

0.825
0.999

0.494
0.042

0.937
0.999

0.288
0.050

By paying attention to Table 4, AUC produced results of the proposed model showed a noticeable difference in the
experiments on the record of patients in two datasets. For example, the proposed model, Random Forest, and
Decision Tree by far were the highest in patients diagnosed with diabetes with AUC of 0.999, 0.982, and 0.972,
respectively. However, in other models, there were 8% to more than 10% variation. Naïve Bayes on experiments on
diabetes patients obtained the lowest AUC results compared to other classification models, although, this trend
proved negligible and on the second dataset (Breast Cancer) outperformed with AUC of 0.922. These results
indicated the inconsistency among the machine learning classification methods among the different datasets.
Regarding extracted values for Logloss, again the proposed model showed a strong and superior performance in two
experiments with modest differences (0.042 for diabetes and 0.050 for breast cancer). In the experiments that were
conducted on the diabetes dataset besides from the proposed model, the lowest Logloss was obtained from the
Random Forest classifier. In contrast, in the second dataset, this model came with one of the highest values in this
term, and the values were at the lowest belonged to SVM and Logistics Regression with 0.286 and 0.288,
respectively.
5.2. Discussion
In this study, two well-known type of neural networks, cGAN-DNN, were combined to provide a comprehensive
view of the role of diagnosing and text classification in comparison with conventional machine learning methods.
The results indicate that there was significant variation in terms of accuracy, sensitivity, precision, and F1-score inbetween machine learning models, whereas the proposed model showed considerable stability in two datasets, by the
way of explanation, the superiority of machine learning algorithms were changed significantly by the second
experiment which was on the fewer records, however, the proposed model remained its position among models.
When all trials are taken into account, the performance of algorithms will differ significantly. The best classifiers out
of all trials were the proposed model, Decision Tree, and Random Forest that predicted well. However, SVM, KNN,
and Naïve Bayes had the lowest predictive power and they were showed an inconsistency among the experiments.
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The nature of each experiment stage helped us explain the differences between algorithm performances. For
example, in the basic implementations step, the noticeable performance was achieved by the Decision Tree,
however, in the second stage which the experiments were conducted on the smaller size dataset, the performance of
this algorithm is heavily reduced, this indicates that many models will suffer from the lack of training data. On the
other hand, SVM and Naïve Bayes were showed much better performance on the fewer records, and also the
training process was accelerated by these models. These results indicate that the classifier's performance highly
depends on the size of the dataset, but in the proposed model these variations were noticeably insignificant.
Regarding all of these points that were made in the current study, lead us to consider the proposed model classifier
as a strong classifier with a high level of stability.
There were numerous limitations that the authors of the current study were encountered, one of which was the
inconsistency of the research on selected datasets. By the way of illustration, various researches that were focused
on this area of study used a variety of datasets which as result made it quite challenging to perform a comprehensive
evaluation. Another hinder was the limitation of scientific literature for evaluation specific models in some metrics,
however, the current study was aiming at producing a valid comparison and experiments despite these limitations.
6. Conclusion and Future Scope
The results obtained from this study indicate both machine learning and deep learning approaches can show
considerable performance in classification tasks. Future more, as shown in this study, the use of the deep learning
approach in the classification, has more robust and stable performance than the conventional machine learning
methods.
In the research that was conducted by Maimon and Rokach, they concluded that “no algorithm can be best in all
possible domains”, and as result, they developed the “No Free Lunch Theorem”. This theory implies that if one
algorithm outperforms the others in the specific domains, then there are necessarily other domains which convey the
reversed implications. Having examined the previous researches, determining which classification model to use can
be considered to be one of the most significant challenges that researchers now encountering, and this choice even
became more challenging when other criteria are involved, such as mentioned metrics like sensitivity or even
complexity. Although selecting a classification model in a variety of options for a specific problem is not going to
be an easy task, this study demonstrates the importance of model selection and introduces a design of a deep neural
network which showed robust stability in the experiments on different datasets with huge differences on the size. As
a result, these results obtained from this study stand in contrast side of previous researches that proposed contrary
theories. Admittedly, needless to mention, the nature of the data determines which classification algorithm will
provide the best solution to a given problem. However, having examined many pieces of research many proposed
models and methods can be utilized to minimize these variations and gain suitable performance on different
classification tasks.
The algorithm can differ concerning certain criteria such as sensitivity or specificity, or other metrics, however,
based on research that was conducted by Dogan and Tanrkulu [7], in practice, the suitable approach is to develop or
tune several models and select the best model for implementation. The obtained results in the current study lie in
agreement with the study of Dogan and Tanrkulu.
Given that the use of deep learning approaches in the classification of images is a recurring trend, in future work, we
will try to, by adjusting the number of neurons and changing the structure of the model, including adding layers and
strengthening the data pre-processing step, obtain the accuracy of the more the 90% in the image classification tasks.
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