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Abstract— Nowadays, the upgrading in Machine learning domain have highlighted the use of deep learning models. However, when such deep learning 
models are employed to make important decisions like the ones that implicate human lives, mainly in medical applications, it is necessary to trust the 
rational deep models‘ decisions. Among these models, convolutional neural network has proven to be the best way to face to the image‘s classification 
problem. But as known, there are two limits of the CNN architecture. First of all, it required a massive amount of training data, but in biomedical field it is 
a handicap. The second limit, CNN does not take into account the spatial information of the image. A new deep learning architecture named capsule 
network were proposed to deal with two principal limits. Capsule Network request less data for the training task than the CNN model. This paper 
presents an approach for automatic identification of cell cycle-regulated genes. In the current state of the art, the researchers are based on the 
classification of the numerical data associated to gene evolution to achieve this classification. Here, we propose a new and different approach, based on 
the microarrays images‘ treatment. We prepared a dataset of images, representing gene‘s behaviors. Then we applied machine learning [1] and deep 
learning methods [2]. Experiments show that our approaches outperform the state of art by a margin of 14.73 per cent by using machine learning 
algorithms and a margin of 22.39 per cent by using deep learning models. After that, to explain the particularity of each gene class we proposed an 
architecture based on the capsule networks, which focus on spatial information then we applied a technique of interpretability of the classifier‘s 
decisions.  
 
Index Terms— Deep Learning, Capsule Network, Dynamic Routing, Classification, CNN, Microarrays, cell-cycle, regulated genes 
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1. INTRODUCTION 
Advanced machine learning techniques have enveloped our 
life including complicated tasks. As such, critical decisions 
are now made based on predictions models provided by 
machine learning techniques [1]. Therefore, it is very 
important to trust a model, validate its predictions, and 
confirm that it performs on unseen or unfamiliar data. For 
example, in medical applications or self-driving cars, even a 
single incorrect decision is not acceptable and could 
possibly lead to a catastrophic result [2]. However, many 
solutions for medical image analysis tasks rely on CNN as 
an automatic recognition or diagnosis. The popularity of the 
CNN architectures relies on the capability of learning the 
meaningful and hierarchical image representations, so the 
feature extraction approach is flexible and capable of 
encoding complex patterns. The CNN has performed the 
eye's human ability to classify objects, because it 
introduced more non-linearity [3], but their interior structures 
and parameters become less clear and harder to 
understand how to make a specific decision [3]. However, 
their success requires a big amount input data. When we 
deal with medical images, to collect and label data, we 
need a time-consuming and expert annotations [4].  
Furthermore, there is often an imbalance obstacle in 
medical databases.  
 
 
 
 
 
 
 
 
 
 
 

That is why many solutions have been proposed such as 
the transfer learning and data augmentation. Moreover, 
among limits of the Deep CNN, it can‘t learn the spatial 
relation between picture parts and different objects.  
Instead, they use pooling layers to attain translation 
invariance and the data-augmentation to examine rotation 
inference [5]. With pooling, the convolution filters learn the 
special features of the object of interest irrespective of their 
location. So, losing the spatial relationship among features 
which might be essential to determine their class (Fig.1) . 
For example, to classify a face using CNN, we will create 
«summaries» for each sub-region. If we bring a little 
positional and translational invariance in the detection of 
objects, if we draw eyes, nose and mouth in the right 
orientation but not in the right place (Image 2), the model 
will say this is a face but in fact, it‘s not. To address this 
concern, Hinton et al. propose a novel type of neural 
network using the concept of capsules in a recent paper 
[18]. With the use of dynamic routing and reconstruction 
regularization, the capsule network model would be both 
rotation invariant and spatially aware [18]. The capsule 
network has shown its potential by achieving a state-of-the-
art result of 0.25% test error on MNIST without data 
augmentation such as rotation and scaling, better than the 
previous baseline of 0.39%. To further test out the  
application of capsule networks on data with higher 
dimensionality, we attempt to find the best set of 
configurations that yield the optimal test error on CIFAR10 
dataset. Image classification is a supervised learning 
problem, that discover the boundaries that make a map of 
an input to an output, using a train set of input-output data 
[6]. This model will allow us to predict this to predict the 
classification of an unlabeled data. A large number of 
applications and tools, are using and exploring huge 
biomedical data. DNA microarray is one of the fastest- 
developing post genomic technologies. It generates a high- 
structural molecular data [7].  We use this technology to 
measure the mRNA transcription levels. It allows the 
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simultaneous tracking of the expression levels of several 
number of genes [8]. It is used for a special cell type or a 
pathological situation. It can detect the changes in the 
nucleotide sequence and identify similar gene groups, 
having a specific pattern.  If we want to classify a cancer, 
we have to identify the genes related to this cancer, by 
exploring different functionalities and analyzing the 
microarrays images [9]. The state of art refers to many 
types of cancer detection using machine learning and deep 
learning models applied to the DNA Microarrays data [10]. 
We can also use this post-genomic technology to identify 
the cell cycle-regulated genes and track the progression of 
the genes‘ behavior. In this paper we explore an interesting 

alternative which is to use the overall length of the vector of 
instantiation parameters to represent the existence of the 
entity and to force the orientation to classify genes. We 
propose a novel approach based on the treatment and 
analyzing DNA Microarray to identify the cell cycle-
regulated genes using deep learning models especially 
capsule network architecture. It is composed of five 
sections. The second section explains our proposed 
method. In the section three, we present the capsule 
network methods. In section four, we discuss the 
experimental results. The last section gives the conclusion 
of this paper 

 
Fig.1. Wrong classification of Faces 

 

2. RELATED WORKS 

DNA microarrays, a high-throughput technology, give a 
wide range of the regulation of the cell cycle in diverse 
organisms [11].  For example, in eukaryotes, the cell 
process is expressed periodically. It is composed of 
changes and involves several proteins. The cell cycle-
regulated genes must be deep-rooted while the 
advancement, for this reason they are expressed cyclically. 
The role of these genes is the orchestration of the cycle‘s 
regulation [12]. This cycle is composed of four phases. First 
phase is ―S‖, during this stage the DNA is replicated. After 
this stage the chromosomes stand out from each other, it is 
―M‖. The other phases, ―G1‖ and ―G2‖, correspond to 
intervals, Gaps. In course of the G1 phase, the cell 
cultivates, merges the mitogenic or anti-mitogenic signals 
and makes ready to correctly operate the S stage. The cell 
is preparing for phase M during the phase of G2, [13]. To 
study and apprehend the cell cycle process, we have to 
focalize on the comportment of the cell cycle regulated 
genes. Lots of approaches have been proposed; the first 
important method of identification of these genes is 
proceeded in the Saccharomyces Cerevisiae‘s genome 
using classical techniques in 1991. They detected a set of 
genes regulated periodically instead of the cell cycle. 
Consequently, lot of them are elaborated in regulating this 
cycle. Spellman et al proposed a comprehensive collection of 
experiments to identify the protein-encoding duplicates in the 
yeast genome that are cell cycle-regulated [14]. After that, 
they employed the DNA microarrays data to control mRNA 
stages changes until the cell cultures within three methods. 
Then, they parsed the data by calculating a score based on 
Fourier and the correlation, that recognize genes regulated 
by the cell cycle using correlation [15]. They successfully 
identified 800 genes that deal to an objective minimum 
criterial for the genes cell cycle regulated. Chenglin Liu, Peng 
liu and Tow Hug created a framework to identify the cell 

cycle-regulated gene identification based on the application 
of the Convolutional Neural Network to the same dataset. 
Their method uses three classes: constant, increase and 
decrease of the gene expression [15]. Their method based 
on the transformation of the expression data to categorical 
variable with values 1, 0 and -1, related to the three classes 
[15]. They also tried six supervised learning techniques as for 
example KNN and SVM. To recognize cell cycle-regulated 
genes utilizing deep learning models, various methods were 
tried. Among them, there is an algorithm named DLGene. It 
comprises an input layer takes 4*14 state matrix profiling the 
expression changes of one gene, followed by a convolutional 
layer, two fully connected neural network layers and finally an 
output layer. Many recent researches are developed for 
explaining deep neural networks [15]. In this regard, we 
focus on a very recently proposed architectures using deep 
learning specified to a Capsule Networks. It is a turning point 
in the deep learning exploration. [16] Human vision leaves 
out unimportant details by fixing points to assure that only a 
small proportion of the optic array is converted at the superior 
resolution. To understanding how we get knowledge from the 
sequence of fixations and how we identify the objects and its 
properties. According to Hinton et al. [2000], it can be 
inferred that, for a fixation, a parse tree is carved from a fixed 
multi-layered neural network as a sculpture is carved from a 
rock [17]. Every layer will be composed of several small sets 
of neurons called capsules and each node of the analysis 
tree will represent an active capsule. Each active capsule 
selects a capsule in the higher layer in the tree to be its 
parent. This process uses an iterative routing one. For the 
levels above of a visual procedure, this process will resolve 
the problem of according parts to wholes. [17] The exercises 
of the neurons inside a functioning capsule correspond to the 
different properties of a specific entity that is available in the 
image. These characteristics can incorporate various sorts of 
launch boundary, for example, present (position, size, 

https://www.powerthesaurus.org/duplicates/synonyms
https://www.powerthesaurus.org/constant/synonyms
https://www.powerthesaurus.org/among_them/synonyms
https://www.powerthesaurus.org/comprises/synonyms
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direction), texture, deformation and so forth. One extremely 
uncommon property is the presence of instantiated element 
in the image.  
 

3. CAPSULE NETWORK 

One of the weakest parts in CNN, is max pooling. 
It eliminates information from the input images in order to 
reduce the calculation time and increase the field of view of 
the top layers, so the CNN model will not detect all edges in 
the lower layers and that impact directly on the top layers 
[18].  The concept of spatial relation and orientation is very 
weak for CNN.  Capsule network is a lot better than CNN in 
image visualization, because it was proposed to replace 
invariance with equivalence, so if the input data is 
transformed spatially, the model adapts accordingly and 
responds correctly. A capsule is a group of neurons nested 
inside a layer. In fact, the idea behind the use of a capsule is 
to encapsulate the positioning information (for example, 
position, orientation, scaling and asymmetry) as well as other 
instantiation parameters for different parts or fragments of an 
object. Each capsule output is a pose parameter, the length 
of this output vector is the probability that a specific entity 
exists. In capsule network, the max pooling layer is replaced 
with a concept called ―Rooting by agreement‖ [18]. This 
multilayer structure is deep in width instead of deep in height. 
The capsules in the lowest layer called Primary capsules, 
where each capsule gets small parts of the input image (after 
the convolution operation) and detect the pose and presence 
of particular objects. Capsules in the top layers, called 
routings capsules, detect larger and more complex objects 
[19] (fig.2). 

 

 
Fig.2. Two capsule network layers 

 
The outputs of the Primary capsules are sent to the parent 
capsules in the next layer. Each capsule tries to predict the 
output of the parent capsule, if the prediction of the capsule 
is similar to the output of the parent capsule, their coupling 
coefficient will augment [18].  The formula of coupling 
coefficient is shown in 2. Acknowledge that ûj|i is the 
prediction vector of the j capsule which comes after the i 
capsule, ui is the prediction vector of the capsule i, and Wij is 
the weight matrix which will be updated by backpropagation 
[19].   

 
ûj|i=Wijui (1) 

 
The sum of the coupling coefficients between capsule ―I‖ and 
all the capsules in the layer is equal to 1. The coupling 

coefficient is calculated by the softmax function where bij is 
the log prior [19].  This log prior will add more independence 
to the network and will be learned simultaneously with the 
weights. 

 

Cij= 
    

∑      
 (2) 

 
The log priors are learned in a discriminating manner, at the 
same time as all other weights. They depend on the position 
and type of the two capsules, but not on the input image. The 
initial coupling coefficients will be refined iteratively by 
measuring the agreement between the current output uj of 
each capsule. In convolutional capsule layers, each capsule 
produces a local vector grid for each type of capsule in the 
above layer using a different transformation. The algorithm of 
rooting aims to connect capsules placed in consecutive 
layers to learn higher-level concepts by disabling the upper-
level capsules and combining the concepts of the lower-level 
capsules. 
 
The input vector for each parent capsule j is calculated with 
the formula 

 
Sj=∑   cijûj|i (3) 

 
Finally, a non-linear squash function is applied to the output 
vector of the last capsules  

 

Vj=
       

         
 
  

      
 (4) 

 

If        is small, then Vj ≈          
 

and if        is large, then Vj ≈ 
  

      
 

 
The squash function asserts that the length‘s vector of the 
last output capsule is smaller than 1 and conserves the 
direction of the vector [19]. In order to realize the true 
potential of the capsule network, we are interested in 
applying this architecture to identify the cell cycle and non-
cell cycle-regulated genes 
 

4. PROPOSED METHODOLOGY 

The goal of this paper is not only to detect the cell cycle and 
non-cell cycle-regulated genes using the DNA microarray 
images, but also, we want to interpret the spatial information 
represented in the images that we have built. To this end, we 
mainly have five phases as shown on fig.1. First, we collect 
and understand the data. Second, we prepare our dataset by 
using the images and construct the required data for our 
analysis process. Third, we will propose a capsule networks 
architecture to classify the two types of cell cycle and non-
cell cycle-regulated genes. Then, in the evaluation step, to 
validate our model we have to measure the models‘ 
performances. Finally, we are interested in interpreting 
classifier decisions to extract characteristics from each gene 
group.  
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Fig.3.The process of our approach 

 
For the first and second phases, we reuse the relative 
database of the project of Yeast Cell Cycle reported by 
Spellman et al. on the author's website (http://genome-
www.stanford.edu/cellcycle/) [12]. We reutilize the data and 
prepare our own database, we are only interested with the 
microarray‘s images relative to the cdc15 temperature-
sensitive. Culture of cells was passed at 37 C and they 
followed the progression of genes for a duration of 3.5h. We 
are totally disposed of 24 microarray images (RGB color 
sizing 1024*1024) corresponding to 24 different experience 
progression‘s moments (figure 4).  

 

 
 

Fig.4.The microarray image 
 

Each image is accompanied by a file containing a group of 
information as the name of gene, the ratio, the location of 
each gene, etc. To treat these microarrays images and 
prepare our dataset, we follow the process shown in Fig. 5. 
 

 
Fig.5. Cell cycle-regulated genes classification steps 

 
To produce the gene‘s behavior and represent the evolution 
of each gene. We extract the parts considered the gene from 
the 24 different experience progression‘s moments 
(microarrays images). Then we modelized the gene‘s attitude 
by sequencing them. We found as a result; an image sizing 
(8*192) as shown on fig.5. Each image represents the gene 
temporal progression.   

 

 
 

Fig.6.Gene temporal progression image 
 

To classify the cell Cycle-regulated and non-cell cycle genes, 
we use the new gene‘s images processed in the previous 
steps. Then we implement a model based on a capsule 
networks‘ architecture applying to the labeled image data So, 
our proposed convolutional capsule networks model is 
composed of a convolution layer and another convolution 
layer included in the capsule layer. Then the first capsule 
layer called ―Primary Capsule‖. The second capsule layer 
had 2 capsules, one for cell cycle-regulated genes and the 
other for the second class of genes. we used two layers of 
convolution to get an output array, consisting of a large 
number of character maps or fitch maps, to then easily 
mention this array again. The summary of the layers of our 
proposed model (illustrated in Table 1) is as follows:  
 
 

http://genome-www.stanford.edu/cellcycle/
http://genome-www.stanford.edu/cellcycle/
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TABLE I.  MODEL SUMMARY  

Layer type 
Number of capsules/ 
Output shape 

Input Layer 8x192x3 

Convolutional 
Layer 1 

6x190x8 

Convolutional 
Layer 2 

4x188x 8 

Primary Capsule 4 Capsules 

Gene classification 
Capsule 

2 Capsules 

 

• Inputs to the model are our treated images which are down 
sampled to 8 × 192 from much bigger different shapes, in 

order to reduce the number of parameters in the model 
and decrease the training time. 

• Second layer is a convolutional layer with 6 × 190× 8 filters 
and stride of 1 which leads to 8 feature maps of size 
6×190. 

• Third layer is a convolutional layer with 4 × 190× 8 filters 
and stride of 1 which leads to 8 feature maps of size 
4×188. 

• a Primary Capsule layer resulting from 256×20x20 
convolutions. It consists of 4 Capsules. 

• Final capsule layer includes 2capsules, referred to our two 
classes  

 
 

 
 

Fig.7. Proposed model architecture for cell cycle-regulated genes detection 
 

One of the problems that is observed using capsule networks 
for the problem at hand with several parameters to be 
learned and relatively small-scale dataset, is over-fitting. In 
our different test experiments, we observed that the 
performance of the trained capsule network based on the 
above-mentioned specifications was high for training data but 
degraded noticeably on the test data. In other words, careful 
care is required in the training stage to have a reasonable 
generalization capability. After the validation of the model, we 
wanted to interpret the classifications, so we added to the 
second capsule layer, a heat map function to color the zones 
of the constructed images that most control the decision-
making of gene‘s classification.  
 

5. EXPREMENTAL RESULTS 

In our work, we aim to classify cell cycle-regulated genes and 
non-cell cycle-regulated genes. For this purpose, we created 

a dataset contained of labeled images describing genes 
behavior. To classify genes, we take 284 images per class 
and split our data to train set and test set. To assure that our 
model has got randomly and independently the two sets, we 
use cross validation function to split the input data into 80% 
for training and 20% for testing. To Fit and compile the 
capsule networks model, we train it for a fixed number of 
epochs. The number of samples per gradient is updated, the 
batch size is 8. A portion of the training data is used as 
validation data. The model will set apart 30% of the training 
data and will evaluate the loss and other metrics at the end of 
each epoch. To quantify the quality of predictions and to 
evaluate the results of our models and methods, we choose 
the accuracy and the Loss Function as scoring parameters 
given by equations from 6 to 10. For the loss function, we 
choose the log loss, named also Binary Cross-Entropy Loss. 
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It increases as the predicted probability diverges from the 
actual label. A perfect model might have a log loss of 0. 

 

           Accuracy  
     

           
                      (5)             

 
       Log Loss= -(y log(p)+(1-y)log(1-p))         (6) 

 
Where TN, TP, FN and FP are short for true negative, true 
positive, false negative and false positive. y is a binary 
indicator of whether class label is the correct observation‘s 
classification and p is the model‘s predicted probability. We 
used 5 iterations for the dynamic routing algorithm. For the 
validation dataset, we reach 92%, the training time per epoch 
was 74 seconds. To evaluate the performance of our 
approach we compared our classification results to Liu et 
AL‘s results using the CNN model. We illustrate this 
comparison is in the following table based on the criteria of 
precision.  

 
TABLE II.  RESULTS COMAPARAISON   
Layer type Accuracy 

Liu et al ‘s results 
DLGene 

70% 

Our results 92%  

 
From these results, we conclude that our method is more 
consistent with previous studies. We get a better accuracy 
because we focused on the correlation between the spatial 
information included in the temporal progression of the 
behavioral of the genes. The most efficient point of our 
method consists on the classification of genes using only 
images data. The capsule networks model is more efficient 
than the CNN model for image classification tasks because it 
performs with spatial characteristics to well describing 
objects in images.  

 

 
Fig.8.Results of capsule network model 

 
We note that the learning time process in capsule network is 
slower than CNN, also the complexity of implementation and 
computing is a lot higher than CNN. The capsule network 
model outperforms CNN. Interpretability has to do with how 
accurate a machine learning model can associate a cause to 
an effect and how to justify the results. Machine learning and 
deep learning models are called black-box models because 
they allow a pre-set number of empty parameters, or nodes, 
to be assigned values by the machine learning algorithm. 
Specifically, the back-propagation step is responsible for 
updating the weights based on its error function. When we 
validated the model, we moved on to search for the spatial 
characteristics of each gene category.  the last layer of 
capsules consists of two capsules: one represents the class 
of cell cycle-regulated genes and the second represents the 
non-cell cycle-regulated genes. Applying the heat map 
function to the last layer of capsules and reconstituting the 
images. It is interesting to look at the visualization of the 
output of capsule classification. Heat maps originated in 2D 
displays of the values in a data matrix. Larger values were 
represented by small dark gray or black squares (pixels) and 
smaller values by lighter squares. We used a function of the 
OpenCV library, named COLORMAP_JET function.  we 
obtained the following images of the cell cycle regulated-
genes as shown as fig.9 and the heat mapped images of the 
non-cycle regulated genes are represented in the fig.10. In 
the figure 11 we compared a non-heat mapped and a heat 
mapped image of one gene.  
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Fig.9. Mapped images of the Cell cycle regulated genes 

 
 

Fig.10. Mapped images of the non-Cell cycle regulated genes 
 

It is interesting to look at the visualization of the output of 
capsule classification. Heat maps originated in 2D displays of 
the values in a data matrix. Larger values were represented 
by small dark gray or black squares (pixels) and smaller 
values by lighter squares. We used a function of the OpenCV 
library, named COLORMAP_JET function. The blue colored 
areas do not contain information but the red colored areas do 

contribute the most to the classifier‘s decision-making. we 
noticed that the images belonging to the class of Non-cell 
cycle regulated genes are clearer and that there is a certain 
regularity in the images of cell cycle regulated genes. Here is 
an illustration of a gene before and after the heat map 

application: 

 

 
7. CONCLUSION  
In this work, we discover the Capsule network. In binary 
classification, we found that using cross-entropy as loss 
function instead of margin loss which used in the base 
capsule network model, gives better results for the accuracy 
and loss. To increase the accuracy of the capsule network 
we need to augment the number of iterations in the routing 
algorithm, the number of fold cross-validation and the other 
hyper-parameters. In the case where we increased the 
number of iterations for the routing algorithm, the model 
converges on earlier epochs, but it increased the training 
time per epoch, so better use more computation power. For 
the future work, we plane to investigate the capsule network 

models in segmentation, generative adversarial model and 
use the new architecture ―Matrix capsule network‖. 
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