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According to a report of Encyclopaedia of DNA Elements (ENCODE) around 62-75% of human genome is transcribed (converted to RNA) – which defies the well-established concept that “98% of DNA is junk”. A novel diverse class of non-coding RNAs has a type: which is not capable of producing any protein.
There is not much information available about functional capabilities of non-coding transcription, although an initiative has been taken as some research work has come to view. With the advancement in RNA-sequencing technologies having High-throughput the cataloguing of human lncRNAs is now possible. They have been proved efficient for performing changes in eukaryotic genes in many ways. According to an estimation the lncRNAs handsomely exceed the protein-coding transcripts although a lot is yet to be discovered. Here a requirement arises for the development of a system which will take a provided transcript as an input and predict whether it will encode into a protein or not.
In the current scenario, we have used deep learning for the completion of this project. Deep Learning is a relatively new field in Bioinformatics and although there have been some implementations for areas like Methylation sites, but this is first application in the given area (of Protein prediction).
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Advancement in the DNA/RNA sequencing technologies has led to sequencing a huge number of human DNAs. Analyzing these abstract data sets and mining substantial information from them in order to make some advancement for betterment of human race requires mining of Genomic datasets in both eukaryotic and prokaryotic organisms. [1].
Our project addresses the problem by analyzing the Genomic datasets and consequently using the information to extract the useful information using the Pattern Recognition/Machine Learning algorithms to extract some substantial information which can be useful for scientists in the future to correlate the phenotype with genotype [2].
The application of Machine Learning and especially artificial neural networks (NNs) has been in practice in Bioinformatics since some time [3]. The most commonplace software of the NNs is prediction; we expect that prediction worries goals which can be both discrete and actual valued [4]. The popularity of NNs stems from two key benefits that distinguish them from much different device-gaining knowledge of techniques [5]. First, after the NN version is educated, the usage of the model to carry out prediction could be very efficient, this is because, and the computations are rapid [6]. This permits for a high throughput prediction of massive amounts of facts, which is an inherent function of a wide range of bioinformatics initiatives [7].  Second, NN-based models offer first-rate consequences for many prediction obligations, for example, the leading strategies in prediction of protein’s secondary structure and prediction for protein’s solvent accessibility are primarily based on NNs [8]. Those successful programs raised the profile of NNs, which can be presently being carried out in dozens of different prediction responsibilities [9]. 
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     	With the advancement of high resolution DNA/RNA sequencing technologies, production of Genomic datasets has gone beyond the Moore’s Law as sequencing a whole human DNA costs in less than 1000$ these days [10]. Since, still human DNA is yet to be explored in the depth and scientists are still trying to solve the mystery puzzles behind the mere 4-character code DNA sequence, where just a little variation in (3.2M bp long) sequence can result in substantially pronounced phenotype changes; there is a need to take leverage of “Big Data” tools to perform analysis and Genomic Mining [11]. 
The importance of mining for the fundamental unit of human’s Genetic Code has been appreciated in the context of “Precision Medicine” being realized as the future of Medical Science [12]. Lot of diseases and phenotype traits have also been found to be linked with the genotype mutations/polymorphisms, so our analysis can find information in anyone of the number of important areas of research [13]. 

[bookmark: _Toc497221352][bookmark: _Toc499166665]2.1 Biological Background

          Proteins are critical factors of without any doubt of all residing organisms. They take part in each system within cells. For example, some proteins utilize enzymes that catalyze biochemical reactions that are important to metabolism. Proteins are also critical in cellular signaling, immune responses, mobile adhesion, and the cell cycle, to call only a few of their features [14]. 
              They may be huge polymeric natural molecules which might be composed of amino acids (additionally called residues). Amino acid (AA) is a small molecule that consists of an amino (NH2) (besides the proline amino acid) and a carboxyl (COOH) group that is connected to a carbon atom [15]. 
              There are a complete of 20 AAs that make up all proteins. All of them have the identical NH2CHCOOH group and have distinctive R-organization [16]. The facet chains decide physiochemical properties, together with charge, weight, and hydrophobicity [17].
              Panel A suggests the chemical shape of AAs; the aspect chain (R-group) differentiates the structure of various AAs. Panel B indicates a protein chain (linear collection) composed of AAs wherein each circle represents one AA [18]
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Figure 2.1 – Protein peptide sequence [18]
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	Although greater than a dozen NN architectures have been evolved and adopted, one of the first and simplest architectures, the feedforward neural community (FNN), is the maximum frequently implemented in protein bioinformatics [19]. Except for FNN, the recurrent neural community (RNN) and the radial foundation feature neural community (RBF) architectures also located numerous programs inside the prediction of bioinformatics information [20]. 
A commonplace function of all prediction applications in protein bioinformatics is the need to convert the input (organic) statistics into the statistics that may be processed by way of the NN [21]. This typically entails encoding of the biological data into a hard and fast-size characteristic vector [22]. As an example, the primary protein structure is represented as a variable period string of characters with an alphabet of 20 letters (AAs), see Fig. 2 (Panel A) [23]. This sequence is converted right into a vector of numerical capabilities that constitutes the input to the NN [24]. For instance, the vector could include 20 counts of the occurrence of the 20 amino acids in the series. The subsequent discussion assumes that the input records are already encoded into the feature vector [25].
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Figure 2.2 – Protein peptide sequence [26]
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The FNN architecture normally consists of 3 different layers, firstly enter (input) layer, on second number a hidden layer, and thirdly an output layer. The enter (input) layer accepts the vector with input feature and then throughput layer generates predictions. The hidden layer is responsible for taking pictures of the prediction version [27]. Every layer includes some of the nodes and each node in a given layer connects with each other node within the following layer, see Fig. below [28] the connections are associated with weights Vij and wij among the ith knob in one layer, then the jth knob within the next layer. The knobs manner the enter values, which are computed because the weighted sum of values exceeded from the previous layer, using activation capabilities [29].
[bookmark: _Toc499166668]
2.1.3 Architecture of FNN
 The input layer contains n nodes (which equal the number of aspects in the input aspect vector), the obscure (hidden) layer consists of m knobs and the throughput layer contains k knobs [30]. The weight among the ith knob of enter (input) layer and the jth knob of the obscure (hidden) layer is notated by vij. The weight among the ith knob of the obscure (hidden) layer and the jth knob of the throughput layer is notated by wij [31]. 

[image: ]Figure 3.3 - Structure of Feedforward neural network [32]











	




	fðvi Þ ¼tanhð vi Þvi
	fðvi Þ ¼ ð1 þ e þ [36]
		

Wherein vi is the weighted sum of the inputs. The values of the previous hyperbolic tangent characteristic range between 1 and -1, whilst the values of the latter logistic function range among zero and 1. Some applications also make use of radial basis activation capabilities [33]. 
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	Nature
	2014
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	Nature
	2013
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	NRG
	2013
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	Sauvegau M. et al.
	Genetic screen of 18 lncRNA knockouts in mice that demonstrates lncRNA roles in development.
	eLife
	2013

	The GENCODE v7 catalog of human long noncoding RNAs: Analysis of their gene structure, evolution, and expression
	Derrien T. et al.
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	2012
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	2011
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Analyzing and Mining the huge Genomic datasets utilizing the “Deep Learning” manipulation and handling techniques [34].
As the need of this system is described earlier, to fulfil that gap we are Insha Allah taking that system to one step further. To decrease the excessive amount of time required for the completion of analysis and computation of result by using the GPU (graphical processing unit) and back propagation method [35]. Our goal is to reduce that required time by means of almost half as how much time is required by the other systems. 

[bookmark: _Toc499166670]3.1 Machine learning

It is an area of computer science which offers computers the capability to learn without being absolutely programmed [36].
Arthur Samuel, is an American settler in the field of laptop gaming as well as artificial intelligence deployed "system mastering" on 1959 even as in IBM [37]. Developed from the observation of sample of identifying and calculational gaining knowledge of AI, system mastering analyzes the take a look at and deployment of algorithms which could understand and then give their predictions about data [38] – those algorithms conquer the application commands by means of making facts-driven predictions, via constructing a version from testing inputs [39]. The knowledge of Machine learning is employed in more than a few computing responsibilities in which designing and programming trains algorithms with properly performance is difficult or inadequate; example programs have electronic mail filtering, identification of community attackers or unauthorized insiders running toward a data attack [40]. 
Machine learning is tightly associated with computational information, which covers the course of prediction-making using computers. Here it has robust ties to mathematical escalation, which provides methods, concept along with application realm to the sector [41]. Machine learning to know is on occasion amalgamated with information mining, in which the latter subfield targets more on discovering records analysis and is considered as unsupervised machine learning [42]. Device getting to know can be unsupervised and might be used to examine and maintain basic behavioral accounts for different entities and can help to identify various irregularities [43]. 


Types of machine learning
	Machine Learning is defined as enabling computers to learn (add exact definition as per Wikipedia of Arthur Semoyl). There are 3 types of Machine Learning:

· Supervised machine learning [44]
· Un-supervised machine learning [44]
· Reinforced machine learning[44]

[bookmark: _Toc497221364][bookmark: _Toc499166671]3.1.1 Supervised machine learning
 
In this type of learning device is provided with giving inputs and their preferred throughputs, given through a "trainer", and the purpose is to analyze a standard manage inputs against outputs [45].
	Here the algorithm which is getting used to clear up a certain problem is very well defined to the system with computational examples, which afterward compute the inputs to the desired outputs [46]. 
[bookmark: _Toc497221365][bookmark: _Toc499166672]3.1.2 Un-supervised learning
	
	Unsupervised learning: has no for the mastering algorithm, which leaves it on its very own to identify input. Untrained learning may be a purpose itself or a source toward a cease [46].
	In this kind of getting to know the system isn't always taught to carry out the computations at a quick stage with examples by using an instructor, however, this mechanism identifies the particular styles within the input (the similarities and variations) after which computes it according to the observed patterns [46]. I.e. the instructor does no longer teach the device to do computations on its personal [47]. 
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Reinforced machine learning: A machine has the ability to interact with working environment. This system is supplied with comments in phrases of rewards and punishments because it navigates its hassle area [48]. 
	The principal difference between the unsupervised learning and the reinforcement learning is the mechanism to attain a project or goal with the commands of the agent. An agent provides the gadget with the element of the actions which can be accountable of winning or screwing of the project [49]. 

[bookmark: _Toc499166674]3.2 Deep learning

	       Deep learning (additionally referred to as deep established studying or hierarchical getting to know) is part of a broader circle of relatives of gadget studying methods based totally on mastering information representations, instead of task-particular algorithms. The task of learning can be trained, may be trained or untrained [50]. 
	A few illustrations are primarily based on understanding of statistics computing and communique styles using a biological worried machine, including neural coding which tries to outline a relation among various incentives and related neuronal replies in the mind [51]. Research tries to maintain green structures to analyze those illustrations from huge-scale, non-classified data units [52]. 
 	Deep learning of structures which include deep neural networking, deep perception networking along with recurrent neural networking were applied to fields which include pc imaginative and prescient, speech popularity, natural language computation, audio reputation, social network filtering, machine explanation and bioinformatics at a place where they can produce outcomes proportionate to and might be superior to human experts [53][54]. 

[bookmark: _Toc499166675]
3.3 Convolutional neural network (CNN)

	            In the field of machine learning the convolutional neural network is a category of deep and the feed-forward artificial neural networks (FANN) that have ability to analyze visible imagery [100].
CNNs use a variant of multilayer perceptron designed to require minimum preprocessing. They may be also known as shift invariant or area invariant artificial neural networks (SIANN), based totally on their shared-weights architecture and translation invariance traits [34]. 
 Convolutional networks were inspired by means of biological methods in which the connectedness sample among neurons is encouraged via the organization for the animal ocular cortex [37]. Character cortical neurons communicate with incentive simplest in a constrained vicinity of visual view called the responsive subject. The receptive fields of various neurons in part overlay such that they cowl the entire ocular field [52].

	            CNNs use extraordinarily little pre-processing as compared to other photo class algorithms. This means that the network learns the filters that in conventional algorithms were hand-engineered. This independence from the previous know-how and human effort in feature design is a first-rate advantage [46]. 
They have applications in the picture and video reputation, recommender structures, and natural language processing.
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[image: ]Convolutional Neural Networks (ConvNets or CNNs) are a category of Neural Networks which have validated to be very powerful in regions collectively with picture recognition and category [34]. Figure 4.1 - Examples of some captions generated by Convolutional neural network [34]



ConvNets have been a hit in figuring out figures, objects even visitor’s gesture apart from energizing vision in machines as well as self-using vehicles [53].
	Figure above is describing CNN’s capability to understand images and the gadget is in a position to indicate similar captions (“a football player is kicking a soccer ball”) where parent 2 indicates an instance of ConvNets getting used for recognizing normal items, people, and animals. Recently, ConvNets are found effective in various herbal Language Processing tasks (including sentence classification) as well [77]. 
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	In CIFAR-10 (Canadian Institute for superior research), pictures are best of length 32x32x3 (32 extensive, 32 excessive, three shade channels), so a single fully-connected neuron in a primary obscure (hidden) layer from a normal Neural network can has 32*32*three = 3072 weights. This quantity still appears achievable, however without a doubt this completely-linked shape does now not scale to larger pics [12]. For example, a picture of the greater decent size, e.g. 200x200x3 [41], might lead to neurons which have two hundred*two hundred*3 = one hundred twenty, 000 weights. In addition, we'd honestly need to gain numerous such neurons, so that the parameters might sum up fast! Simply, this complete connectedness is extravagant and this large variety of frameworks can attract overfitting fast [54]. 
3-D volumes of neurons, Convolutional Neural Networks take advantage of the reality that the input includes pix and they constrain the shape in a more practical manner. Mainly, in contrast to a regular neural network, the layers of a ConvNet have neurons organized in three dimensions: width, peak, intensity [37].
[image: ]Figure 3.2 - Structure of Classical neural network [53]










		

[image: ]Figure 3.3 - Structure of Convolutional network [21]







[bookmark: _Toc499166678]3.4 Artificial neural network

Artificial neural networks, a shape of relation, are figuring structures stimulated by way of the biological neural networking which represents brains of animals [86]. Such systems examine (steadily enhance overall performance) to do responsibilities by thinking about examples, commonly without project-particular programming. as an instance, in image reputation, they may discover ways to become aware of pix that contain cats by means of reading instance snapshots which have been manually labeled as "cat" or "no cat" and using the analytical outputs to become aware of cats in alternative snapshots [67]. They have located maximum utilization in programs hard to explicit in a typical laptop set of rules the usage of based on rules total programming.
	An ANN is based on a collection of connected gadgets called artificial neurons [66]. Every connectivity among neurons can broadcast a signal to the other neurons. The neuron receiving the signal has the ability to identify the signal and then forward it to next attach to it. Neurons may additionally have stated, commonly shown via actual numeric, usually amongst 0 and 1 [60]. The additional weight carried by Neurons and synapses varies as studying is progressed, that might grow or lower the power of the signal that is sent downstream. Similarly, they'll have a verge so that quality, if the combination sign is underneath or up that limit the signal is sent downstream [86].
	Generally, neurons are prepared in layers. Special layers may additionally perform different sorts of changes to their inputs. Signs excursion from the primary (center), to the very last (output) layer, in all likelihood after crossing the layers multiple instances [62]. In artificial networks with more than one hidden layers, the preliminary layers would probably encounter primitives and their output is given beforehand to much deeper layers which carry out extra precis generalizations (e.g.  Eye, mouth), and so on till the very last layers carry out the complex object recognition (e.g. face) [64]. 
	The precise aim of the neural network approach was to solve problems within the identical manner that a human mind might [34]. Over the years, hobby targeted on matching particular intellectual abilities, major to deviations from biology including backpropagation, or passing statistics within the reverse route and adjusting the community to reflect that information [63].
Neural networks had been used on an expansion of responsibilities, along with computer vision, speech recognition, device translation, social community filtering, gambling board and video games, clinical analysis and in lots of various domain names [83].
[bookmark: _Toc499166679]
3.5 Gradient descent

Gradient descent the first step towards iterative optimization set of guidelines for calculating the minimum of a feature [70]. To find out a neighborhood minimal of a feature the usage of gradient descent, steps are taken proportional to the terrible against gradient of the characteristic at the modern point. If steps are taken proportional to the satisfactory of the gradient, one technique a neighborhood maximum of that characteristic; the device is then known as gradient ascent [73].
	Gradient descent is likewise known as steepest descent. But, gradient descent ought to not be harassed with the approach of steepest descent for guessing integrals [74]. 
	Gradient descent is a famous approach inside the subject of device learning because of the reality part of the process of machine learning is to discover the very satisfactory accuracy, or to lessen the mistake rate, given a fixed of training facts [60]. Gradient descent is used to discover the minimal errors via manner of minimizing a value function [72].
[bookmark: _Toc499166680]3.5.1 Limitations
	For some of the above instances, gradient descent is especially sluggish close to the minimal: technically, its asymptotic price of confluence is lesser to many unique strategies [75]. For poorly conditioned convex troubles, gradient descent an increasing number of 'zigzags' as the gradients point nearly orthogonally to the shortest course to a minimal thing [76]. For non-differentiable capabilities, gradient techniques are unwell-described [78]. For regionally Lipschitz problems and mainly for convex minimization issues, package techniques of descent are well-defined [79]. Non-descent strategies, like sub-gradient projection techniques, can also be used. The ones techniques are typically slower than gradient descent [80]. Every other opportunity for non-differentiable functions is to "smooth" the characteristic or certain the characteristic by way of using a clean function. On this method, the clean hassle is solved inside the preference that the answer is close to the answer for the non-clean problem (now and again, this may be made rigorous) [81].


[bookmark: _Toc497221370][bookmark: _Toc499166681]3.5.2 Implementation example using Python
The gradient descent set of rules is applied to find a neighborhood minimum of the feature f(x)= x4−3x3+2, with derivative f'(x)= 4x3−9x2. Right here is an implementation of the Python programming language [82].

x = 6 # the algorithm starts at x=6
gamma = 0.01 # step size multiplier
alpha = 0.00001
prev_step_size = x

def df(x):
    return 4 * x**3 - 9 * x**2

while prev_step_size > precision:
    prev_x = x
    x += -gamma * df(x)
    prev_step_size = abs (cur_x - x)

print("The local minima occurs at %f" % x)


[bookmark: _Toc499166682]3.5.3 Stochastic Gradient Decent

Stochastic Gradient Descent (SGD) will be a trustworthy however extraordinarily cost effective method to discriminative gaining knowledge of linear classifiers under damaged-subsidized loss features like (linear) aid Vector Machines and supply Regression. Albeit SGD has been round within the machine getting to know community for an extended time, it's acquired a sizable amount of attention just currently only recently most effective in the near past within the context of large-scale learning.
SGD has been with fulfillment applied to huge-scale and distributed device getting to know issues commonly encountered in text category and linguistic conversation method. 

Provided that the facts is distributed, the classifiers during this module absolutely scale to troubles with pretty 1^five training examples and pretty 1^5 options.
We dedicate to mix the blessings of a unmarried-average approach as projected by way of with immediately line evaluation of on line getting to know. Our projected rule is strikingly simple: denote by ci (w) a loss perform indexed by using i and with parameter w. Then each processor contains out random gradient descent on the set of ci (w) with a hard and rapid gaining knowledge of fee η for T steps as represented in rule one. 

[bookmark: _Toc499166683]Chapter 4 Design
In this chapter we will discuss about the tools and techniques that we have implemented on our project.
[bookmark: _Toc499166684]4.1 Deep Learning
Deep learning is a new area of Machine Learning research, which has been 
Introduced with the objective of moving Machine Learning closer to one of its original goals as Artificial Intelligence.
In this project we have implemented the Deep Neural Network algorithm of Deep Learning.
A deep neural network is an ANN (Artificial Neural Network) with multiple hidden layers between the input and output layers. DNNs are typically feedforwarded networks in which data flows from the input layer to the output layer without looping back.
Recurrent Neural Networks (RNNs) in which data can flow in any direction, long short-term memory is particularly effective for this area.


[bookmark: _Toc499166685]4.2 Deep Learning Libraries 

Following are the three Deep Learning libraries that we have used during our project.

[bookmark: _Toc499166686]4.2.1 Keras

Keras is an essential Python library which arises as a superior choice as compared to Theano when talking about deep learning. [111]. In terms of research and enhancement Keras comes up as a superior choice for the deep learning. If it is provided with the required supportive structure it can be deployed on the CPU as well as the GPU [125]. Keras became progressive and contended via François Chollet, (an engineer who works in Google) with the help of four rules. [109].	Comment by Ahmad Warraich: Try to read it yourselves just for once

[bookmark: _Toc499166687]4.2.1.1 How to install keras 

Keras is pretty easy to be installed in case one has already got an operating Python and SciPy surroundings [15].	Comment by Ahmad Warraich: ??
[image: ]
Building Deep Learning Models with Keras	Comment by Ahmad Warraich: Is it a heading or what?
.            The point of interest of Keras is the idea of a model. The main form of model is called a series which is a linear stack of layers. You create a series and upload layers to it within the order that you desire for the computation to be performed [20]. 

Once defined, you bring together the model which makes use of the underlying framework to optimize the computation to be achieved by using your version. in this you may specify the loss feature and the optimizer to be used [29]. 

As soon as compiled, the version should be match to facts. This can be carried out one batch of records at a time or by firing off the complete version training regime. That is wherein all of the compute occurs [42]. 
Once skilled, you could use your version to make predictions on new data.

We will summarize the construction of deep gaining knowledge of models in Keras as follows [44]: 

(1) Define your model: Create a chain and add layers.
(2) Compile your model: Specify loss features and optimizers.
(3) Fit your model: Execute the version the usage of facts.
(4) Make predictions: Use the version to generate predictions on new statistics.

[bookmark: _Toc499166688]4.2.2 CNTK

The Microsoft Cognitive Toolkit—formerly called CNTK—enables you to tackle the intelligence within monumental datasets via deep learning via presenting un-negotiable level, swiftness, and accuracy with commercial-grade pleasant and relativeness with the different programming languages and procedures which have been already implemented [38]. Pay, attention approximately the crew that advanced the Cognitive Toolkit, or examine extra beneath/below [39]. 
The algorithms of deep learning are trained and evaluated by CNTK faster than that of other toolkits which are available in various working environments ranging from CPUs, GPUs and to various machines maintaining quality [39].

[bookmark: _Toc499166689]4.2.2.1 CNTK Related Commands

Install the CNTK for custom MKL library:
sudo mkdir /usr/local/CNTKCustomMKL [39]
[bookmark: _Toc497221375]To activate the CNTK
	“/home/pc/cntk/activate-cntk” [39]     


         
[bookmark: _Toc499166690]4.2.3 Tensorflow

              Tensor Flow is a Python library for instant numerical computing created and launched with the aid of Google.
Tensor Flow is available as an open source library which can perform some ranged tasks. In terms of Machine learning its main use comes up as an application in Neural Networks. Currently it is being used at Google for the both research and the production [101].
It is a basis library that can be used to create Deep studying fashions directly or by way of using wrapper libraries that simplify the system built on pinnacle of Tensor Flow.
This paper has provided the required information about the library of Deep learning which is known as tensor flow.  [56]
To make the environment even easy/simple tensorflow comes up with a characteristic which is called as automatic differentiation. The Feature of automatic differentiation makes it quite simple to implement the heavy method of Back propagation, which is used for the computations in terms of Neural networks. [39].  
Its application vary from a single CPU to GPUs installed in machines at a massive level [108].








[bookmark: _Toc499166691]4.2.3.1 Installing Tensorflow with native pip

To install tensorflow on Linux Ubuntu we must have installed the following versions of the python.

 Python 2.7
 Python 3.3+

If you have the above mentioned versions installed the proceed with the following commands from the terminal

$ pip install tensorflow      # for Python 2.7- CPU support only
 $ pip3 install tensorflow     # for Python 3+- CPU support only
 $ pip install tensorflow-gpu  # for Python 2.7-  GPU support only
 $ pip3 install tensorflow-gpu # for Python 3+- GPU support only

[bookmark: _Toc499166692]4.3 Parallelization for Deep Learning

Since deep learning requires a lot of calculation and involve thousands of hidden layers so we need to parallelize it in order to reduce the time and resources. 
Parallelization can be achieved by a number of techniques, like:
[bookmark: _Toc499166693]4.3.1 Multithreading

	Simplest/earliest form of multiprocessing is Multithreading in which we partition our program into number of concurrent threads. There are number of libraries available for it, like: 
1. POSIX Threads (PThreads)
2. Java Threads
3. C++11 Threads
4. OpenMP (High-level implementation for PThreads)
Issues which barred us from using this approach were:
i. Multithreading divides the process among threads and ensures concurrent execution – but doesn’t expedite the processing speed of the CPU.
ii. Programming threads requires proper parallelization of the algorithms.
iii. Since all the threads share the same data, hence concurrency issues arise which can further lead to Deadlock problems.
iv. Maximum number of cores in even the most advanced laptops doesn’t exceed 8 and resulting speed-up is still insufficient for Back-propagation.
4.3.2 [bookmark: _Toc499166694]Distributed Computing via Message Passing (using OpenMPI)

Distributed Computing is an exciting paradigm in Parallel Processing though there were some bottlenecks behind implementing it, like:

i. It requires a big cluster of computers, which was (is) inaccessible to us.
ii. Setting up cluster using OpenMPI requires technical expertise/experience in the domain.
iii. Slow/unreliable LAN speeds bring a big bottleneck in the processing speed.

[bookmark: _Toc499166695]4.3.3 GPGPU/GP2U – General Processing on GPU

So a brief summary of why aforementioned methods couldn’t work were: i-) number of processors in most advanced systems also don’t exceed 8 processors, ii-) Multithreading and OpenMP requires lot of scaling on algorithmic level iii-) Data concurrency and Deadlock preventions are always the issues to be considered (and often ignored which lead to bigger problems later on). iv-) Distributed Computing requires a big cluster of computers which is inaccessible to us and prompted us to use GPUs for the purpose.
 	GPU’s selection for Deep Learning is a natural choice due to couple of reasons: i-) GPUs contain hundreds of cores within a single package and hence can be used for multiprocessing without any distributed computing ii-) Majority of Deep Learning libraries are already optimized for GPUs.






4.4 [bookmark: _Toc499166696]CUDA
In 2003, a C-language related library for parallelization on GPUs was developed. Later on, in 2006, CUDA was invented by NVIDIA as first generic solution for GPGPU. Since then, it has further grown to level of complete toolkit. CUDA toolkit provides support in following languages:

i. C/C++
ii. Fortran
iii. Python

A clear edge of CUDA is it being used by nearly all of Deep Learning libraries for parallelization over GPUs, while users of other GPUs like Intel, AMD, Readon, etc. lack this luxury.

	
[bookmark: _Toc499166697]Chapter 5 Experimental Results
This chapter will summarize the experimental results for our project. Since a big issue in Bioinformatics is unbalanced data in both cases (e.g. enhancers vs non-enhancers, splice-site vs non-splicing junctions, etc.) and accuracies are not as much ground-breaking as they are in Computer Vision or other applications of Machine Learning [32][92] and this domain isn’t any exception either. So we have to account for not only accuracy but precision and recall as well.

Following table outlines the results for our system outlining different attributes to evaluate it:


	Epoch
	Accuracy

	
	

	1
	3.06%

	
	

	10
	12.72%

	
	

	20
	21.37%

	
	

	30
	35.40%

	
	

	40
	48.34%

	
	

	50
	63.76%

	
	


Table 5.1 – Metrics to evaluate the Protein prediction


Another metric which is worthy mention is speed-up using the GPU, as shown below:




	Epoch
	Time by GPU
	Time by CPU

	
	
	

	1
	270 sec
	21 mins

	
	
	

	10
	48 mins
	2 hours, 42 mins

	
	
	

	20
	1 hour, 42 mins
	N/A

	
	
	

	30
	2 hours, 33 mins
	N/A

	
	
	

	40
	3 hours, 17 mins
	N/A

	
	
	

	50
	4 hours, 8 mins
	N/A

	
	
	



Table 5.2 – GPU vs CPU speed-up comparison

(CPU: Core i3, Ubuntu, 8GB RAM, GPU: NVidia GeForce 1050 4GB, i7, 16GB RAM)

(time taken after average of 5 experiments)

[bookmark: _Toc499166698]Chapter 6 Tools Used
This chapter will throw light on the tools used during the course of the project. We try to be as concise as possible and covering all the tools from the operating system to Deep Learning libraries or choice of language. Almost all of the tools used are in high demand especially in Machine Learning domain. 

[bookmark: _Toc499166699]6.1 Anaconda
Anaconda is a distribution for Python (and R as well) which comprises of range of products, from interpreter to graphical user interface applications, like:
· JuPyter Notebook
· SPyder
· Orange3

These packages are maintained by their system known as ‘çonda’.
 Moreover, Anaconda has the ability to create custom environments that blends and suit distinctive Python variations (2.6, 2.7, 3.3 or 3.4) and different programs into remoted environments and one can switch among them via conda [48].

[bookmark: _Toc499166700]6.1.1 Installation 

	Table 6.1-Installation of "Anaconda" [48]
[image: ]

Only a single directory is required for the installation of Anaconda. Along with that there is no need for administrative or of the root privileges. It does not impact on previous install of python on the device, along with that it does not interfere with OS X Frameworks [50].
One can need to test that what is the list of packages established with Anaconda. He just has to navigate to Terminal and type-in conda list to quickly present a list containing all the packages to available on default environment of Anaconda. As an alternative, the list packages available till today at Continuum Analytics [49]. 

[bookmark: _Toc499166701]6.1.2 Creating Environment
 Most of the python developers/users input the Python code via a textual content editor, (i.e. Emacs or may be Vim). Here one can also go for the IDEs (i.e. Spyder, Wing, or PyCharm). Visual studio also comes forward as an option having an extension for the Python environment. Anaconda has an IDE/plugin known as Spyder. The deployment of Spyder for “Anaconda” is very simple, it only needs to be called from the Terminal or even it can be done form the Command activities.	Comment by Ahmad Warraich: What’s this?
             The Python 2.7 model of Anaconda additionally has an icon that permits you to run IPython pocket e-book, as well as the Spyder with a single click on. 
As a preinstalled extension Anaconda arrives mounted with Python versions (2.7 or 3.4). But one can also install various versions of Python at a time, and switch among them freely [49].

[bookmark: _Toc499166702]6.2 JuPyter
	We are able to be using Python scripts in a JuPyter notebook. JuPyter does no longer interact along with your scripts as plenty because it executes your script and statistics consequences. I suppose this is how JuPyter Notebooks have been prolonged to use different languages besides Python-the notebook simply takes a script, runs it towards a language engine, and information the output from the engine-all of the whilst now not honestly understanding what kind of script is being performed [26].
               Further, I have not noticed any precise obstacles while using Python in JuPyter. Some of the scripts I’ve run have taken a variety of time to run, used quite a few reminiscences, opened new windows, and so forth, all without failing. There are recognized troubles running Python scripts that include a __main__ execution loop and multithreaded packages [25]. In this example, "notebook" or "notebook files" denote documents that include each code and rich text factors, such as figures, links, equations, ... due to the combination of code and textual content factors, those files are the appropriate region to bring collectively an evaluation description and its results as well as they can be carried out perform the facts analysis in actual time [26].
               For now, you should simply realize that "JuPyter" is a loose acronym that means Julia, Python, and R. these programming languages had been the first goal languages of the JuPyter utility, but these days, the notebook generation also supports many different languages [25]. 
                As you simply saw, the main additives of the complete environment are, on the one hand, the notebooks themselves and the software. then again, you also have a notebook kernel and a notebook dashboard.

[bookmark: _Toc499166703]6.3 Python ML Libraries
		              There's absolute confidence that neural networks, and machine studying in preferred, has been one of the freshest subjects in tech the past few years or so [47]. It's easy to look why with all the without a doubt interesting use-instances they resolve, like voice recognition, photo reputation, or maybe track composition. So, for this newsletter I determined to assemble a listing of some of the exceptional Python device mastering libraries and posted them under [49].
               Python is one of the excellent languages you may use to study (and put into effect) gadget getting to know strategies for a few motives:
                   
It's easy: Due to its easiness and a massive support structure Python has gained the attraction mainly among new programmers, because they neither need to have thorough grip on the basics of coding nor the complex syntax. [49].
I’ve covered a brief description of a number of the extra popular libraries and what they're excellent for, with a greater complete list of first rate tasks inside the next segment.

[bookmark: _Toc499166704]6.3.1 NumPy
	When beginning to cope with the medical challenge in Python, one inevitably comes for help to Python’s SciPy Stack, that is a set of software program particularly designed for clinical computing in Python (do no longer confuse with SciPy library, that's part of this stack, and the community round this stack) [48]. This provides us with a basic peek. But, there is not a shortage, there may be more than a dozen of libraries available, and we want to have a focal point for the required ones (especially the most important ones) [50].
             The maximum fundamental package, round which the clinical computation stack is constructed, is NumPy (stands for Numerical Python). It gives an abundance of beneficial features for operations on n-arrays and matrices in Python. The library provides vectorization of mathematical operations at the NumPy array type, which ameliorates performance and as a result hurries up the execution [47].	Comment by Ahmad Warraich: Used software to rephrase the sentence? It killed the semantics



[bookmark: _Toc499166705]6.3.2 SciPy

	SciPy is a library of software for engineering and science. Again, you want to apprehend the difference between SciPy Stack and SciPy Library. SciPy consists of modules for linear algebra, optimization, integration, and data. The primary functionality of SciPy library is constructed upon NumPy, and its arrays hence make sizeable use of NumPy [49]. It affords green numerical routines as numerical integration, optimization, and many others through its unique submodules. The functions in all submodules of SciPy are nicely documented — every other coin in its pot [48].

[bookmark: _Toc499166706]6.3.3 Pandas

	           Pandas is a Python package deal designed to do paintings with “labeled” and “relational” statistics simple and intuitive. Pandas is a great tool for records wrangling. It designed for quick and easy information manipulation, aggregation, and visualization [50].

[bookmark: _Toc499166707]6.3.4 Scikit-Learn

	Scikits are extra programs of SciPy Stack designed for unique functionalities like photograph processing and system gaining knowledge of facilitation. Within the regard of the latter, one of the maximum outstanding of these programs is scikit-study [48]. The package deal is constructed on the pinnacle of SciPy and makes heavy use of its math operations.
           The scikit-research exposes a concise and steady interface to the commonplace device mastering algorithms, making it easy to deliver ML into manufacturing structures. The library combines first-rate code and proper documentation, ease of use and excessive overall performance and is de-facto enterprise general for device studying with Python [50]. 



[bookmark: _Toc499166708]6.3.5 Matplotlib
	 Matplotlib is another SciPy Stack package tailored for the visualizations of simple and powerful plots (pretty similar to ones we see in Matlab). It is a pinnacle-notch piece of software that's making Python (with some help of NumPy, SciPy, and Pandas) a cognizant competitor to such medical gear as Matlab or Mathematica [48].
          However, the library is implemented on bit low-level as compared to R plots, which means you'll have to put in more coding effort in order to reach the advanced levels of visualizations, but the general effort is worth a shot [49].
           With a bit of attempt you could make just about any visualization, all of these plots are supported by Matplotlib:
· Scatter plots
· Bar charts and Histograms
· Pie charts
· Stem plots
· Contour plots
· Quiver plots
· Spectrograms








 
There also are facilities for creating labels, grids, legends, and many other formatting entities with Matplotlib. Basically, everything is customizable [47].Figure 5- [49]






[image: ]       The library is supported through extraordinary systems and makes use of extraordinary GUI kits for the depiction of resulting visualizations. Varying IDEs (like IPython) help functionality of Matplotlib [49].
       There also are a few additional libraries that may make visualization even easier.


[bookmark: _Toc499166709]6.4 OpenCV
              OpenCV is an image processing library created with the aid of Intel and
maintained by way of Willow storage [58].
Open source laptop vision and gadget studying library. Includes implementations of a massive range of imaginative and prescient algorithms. Written natively in C++, additionally has C, Python, Java, and MATLAB interfaces.  It supports windows, Linux, Mac OS X, Android as well as iOS [71]. 



To check that either “OpenCV” is installed along with its version
Pkg-confg –modversion OpenCV [122]

[bookmark: _Toc499166710]6.4.1 Installation 

	Linux: install via the package deal supervisor (e.g. yum, apt) however make certain the version is satisfactorily updated for your needs. 
OpenCV uses the cv namespace (unnoticed at some stage in this presentation to store area [90].

Images
           Photos in OpenCV are saved in a Mat object. Includes a matrix header and a pointer to the matrix containing the pixel values [89]. Header contains statistics which include the scale of the matrix, the number of color channels inside the image, etc. [97]. 
           Get right of entry to this records via features:

 Mat.rows (): Returns the number of rows
 Mat.columns (): Returns the number of columns 
 Mat.channels (): Returns the number of channels




[bookmark: _Toc499166711]Chapter 7 Summary and Conclusions
[bookmark: _Toc499166712]7.1 Summary
There is not much information available about functional capabilities of non-coding transcription, although an initiative has been taken as some research work has come to view. With the advancement in RNA-sequencing technologies having High-throughput the cataloguing of human lncRNAs is now possible. They have been proved efficient for performing changes in eukaryotic genes in many ways. According to estimation the lncRNAs handsomely exceed the protein-coding transcripts although a lot is yet to be discovered. Here a requirement arises for the development of a system which will take a provided transcript as an input and predict that either it is a protein-coding or an lncRNA transcript.
In the current scenario, we have used deep learning for the completion of this project. Deep neural network was enclosed in 1986 by the Rina Dechter and after that they delivered the artificial neural network (ANN) with the aid of Igor Aizenberg and associates in 2000. The primary well-known, running mastering mechanism for supervised learning, deep learning, feedforward learning and multilayer perceptron’s was introduced with the aid of Lapa and Akexey Ivakhnenko on 1965. This system takes the given RNA datasets as inputs and predicts their behaviour on the basis of their property either they produce protein (short length RNA) or they do not have the ability to generate protein (lncRNA). 



[bookmark: _Toc499166713]7.2 Conclusions 

“I do not know what I may appear to the world, but to myself I seem to have been only like a boy playing on the sea-shore, and diverting myself in now and then finding a smoother pebble or a prettier shell than ordinary, whilst the great ocean of truth lay all undiscovered before me.” ― Isaac Newton 

We have seen how Deep Learning has advanced the Machine Learning problems in almost every domain including Bioinformatics and Epigenetics. Although, we have managed to apply Deep Learning for nucleic acids, though still the question remains is the quest for more approaches of applying CNNs on transcripts of varying lengths.
This research is like a tip of ice-berg in alien world of non-coding RNA. With the advancement in processing and hence in Deep Learning, we hope that non-coding RNAs will be studied in more depth in following years and hence will be useful in various domains ranging from Precision Medicine to Population Genomics. 
	

[bookmark: _Toc499166714]Chapter 8 Lesson Learnt and Future Work
[bookmark: _Toc499166715]8.1 Lesson Learnt 
A good project is one which is not only flamboyant in terms of the area of Research but in the learning and tools/technologies related to it as well. We were blessed to have worked on number of state-of-the-art and in-demand technologies/sciences like:

1. Bioinformatics
2. Fundamentals of Epigenetics
3. Fundamentals of Machine Learning
4. Deep Learning
5. Python Language
6. Python Scientific Libraries (NumPy, SciPy, SciKit-Learn, matplotlib)
7. Anaconda Environment (JuPyter, SPyder)
8. Linux Environment
9. Keras (with different back-ends like CNTK, Theano, Tensorflow, etc.)
10. CUDA
11. GitHub

Apart from this technical learning, there were also some non-technical lessons learnt spanning a wide canvas from Professional Practices to Life Lessons, some we will like to share:

· A good team doesn’t require best engineers as much as it requires the best team players.
· A stitch in time saves nine – never delay your work to tomorrow.












[bookmark: _Toc499166716]8.2 Future Work

Since it’s our first step in a field naïve for us until yesterday, so we would like to research on more Convolution Neural Networks and further analyse the hidden layers of Deep Learning further to possibly discover more Motifs Insha’Allah. In order to make this effort useful for others, we plan to not only publish it in a reputable conference (or possibly a journal but we would prefer to be realistic here) but also host all the relevant knowledge in the form of tutorials/manuals on GitHub repository. If any group from the department wants to take our work further, we would be more than happy to welcome (provided they are really serious about it and can think out of the box) new collaborations.
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[bookmark: _Toc499166719]9.2 Appendices

In this area we will discuss about the supportive material that we have covered in our project. 

[bookmark: _Toc499166720]9.2.1 Linux

	Following are some basic commands that we have used in terminal. 
Sudo
	Sudo an extremely utilized command inside the Linux command code. Sudo defines “Super User Do” [93]. It is used to define a command having administrative privileges. As an instance, in case to edit a report such as viz.conf requires permissions, command of – “sudo nano alsa-base.conf” is used .

To install NVidia driver [44]
“Sudo apt install NVidia-cuda-toolkit”

To check whether the NVidia driver is installed 
“nvcc –version”
Command for creation and deletion of folder

mkdir & rmdir

	For the creation of a folder or directory one can use “mkdir”. For instance, in case make a directory named “DIY”, one can, use “mkdir DIY” [39]. Take into account, as instructed before, to create a listing named “DIY Hacking”, then you may use “mkdir DIY Hacking”.
To remove a listing rmdir is used. But, rmdir is typically used for removal of an empty listing. If the directory contains some files just rm is used [35].
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	Sr. #
	Task 
	Done by

	1
	Machine Learning Basics 
	All group
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	Deep Learning
	All group

	3
	Deep Learning Theoretical Background
	Ahmad and Haroon
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	Deep Learning Implementation
	Ahmad and Haroon
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	Collection of Results
	Ateeb & Haroon

	6
	Paper writing (yet to be done)
	Haroon & Ateeb
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[bookmark: _Toc499166728](f) Scope Statement
In this project we will just work on Homo Sapiens (GRCh38) datasets only, plus only those datasets will be considered which are in public domain, so anyone can use them for later research to bring our work forward. To make our work more efficient we are using deep learning and neural networks, which are very famous for the purpose of prediction.

[bookmark: _Toc499166729](g) Project Charter
[bookmark: _Toc497774009][bookmark: _Toc499166730](g.a) Title
Analysis and mining of genomic datasets by deep learning

[bookmark: _Toc497774010][bookmark: _Toc499166731](g.b) Project description
The project is a prediction system, which will predict about the given genomic datasets of RNA, that either a given dataset has the ability to create the protein (coding RNA) or it cannot create protein (non-coding RNA), to achieve this goal we are using deep learning and neural networks.

[bookmark: _Toc497774011][bookmark: _Toc499166732](g.c) Background
With the advancement of high resolution DNA/RNA sequencing technologies, production of Genomic datasets has gone beyond the Moore’s Law as sequencing a whole human DNA costs in less than 1000$ these days. Since, still human DNA is yet to be explored in the depth and scientists are still trying to solve the mystery puzzles behind the mere 4-character code DNA sequence, where just a little variation in (3.2M bp long) sequence can result in substantially pronounced phenotype changes; there is a need to take leverage of “Big Data” tools to perform analysis and Genomic Mining.

[bookmark: _Toc497774012][bookmark: _Toc499166733](g.d) Goals
Analyzing and Mining the huge Genomic datasets utilizing the deep learning and neural networks, to predict about the ability of the given dataset that can it create protein or not.



[bookmark: _Toc497774013][bookmark: _Toc499166734](g.e) Scope
In this project we will just work on Homo Sapiens (GRCh38) datasets only, plus only those datasets will be considered which are in public domain, so anyone can use them for later research to bring our work forward.

[bookmark: _Toc497774014][bookmark: _Toc499166735](g.f) Resources
· Linux OS
· GPU enabled Machine
· Dataset
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Ahmad Hassan BSSE-14321 (Leader)
M. Harron Akhtar BSSE-14310
H. Rana M.Hassan BSSE-14329
Syed Ateeb Raza BSSE-14303







[bookmark: _Toc497774016][bookmark: _Toc499166737](g.h) Roles and responsibilities
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	Done by

	1
	Machine Learning Basics 
	All group

	2
	Deep Learning
	All group

	3
	Deep Learning Theoretical Background
	Ahmad and Haroon

	4
	Deep Learning Implementation
	Ahmad and Haroon

	5
	Collection of Results
	Ateeb & Haroon

	6
	Paper writing (yet to be done)
	Haroon & Ateeb
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Keras can be installed easily using PyP!, as follows:

[ sudo pip install keras

Atthe time of writing, the most recent version of Keras is version 1.1.0. You can check your
version of Keras on the command line using the following snippet:

You can check your version of Keras on the command line using the following snippet

[ python -c "import keras; print keras._version_"

Running the above script you will see:

[fiie

You can upgrade your installation of Keras using the same method

[ sudo pip install --upgrade keras
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